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Abstract

A large global compilation of altimeter and scatterometer satellite crossover samples is used
to address altimeter wind speed inversion. The emphasis here is altimeter wind error due to sea
state impacts. Numerous past studies have suggested that long-scale gravity waves, which do
not adjust to wind as quickly as the short gravity-capillary waves, have a measurable influence
on interpretation of altimeter returns in terms of wind speed. This hypothesis is affirmed here.
TOPEX altimeter operational wind speed estimates are compared with NSCAT-derived surface
winds to show a clear correlation between altimeter wind error and the TOPEX-derived sig-
nificant wave height (SWH) estimate. This observation holds for both the C and Ku-band fre-
quencies of TOPEX. Candidate empirical algorithms using both altimeter backscatter and wave
height estimates are then developed to remove the observed average significant wave height sig-
nature from altimeter-derived wind speeds. These algorithms are developed for global applica-
tion and validated using numerous independent sources to confirm that slight but statistically-
significant global error reductions (e.g. 10-15 % reduction in rms error) are obtained. An algo-
rithm for potential operational use is proposed and detailed.

Our study indicates that inclusion of the altimeter’s wave height parameter provides limited
additional improvement to the point-to-point accuracy of the wind speed estimates. This find-
ing is consistent with the understanding that SWH is a crude descriptor for the complexities of
actual gravity wave conditions where some mix of sea and swell is nearly always in evidence.

The suite of altimeter algorithms (C and Ku-band) presented here may aid global climate
studiesand refinement of other satellite sensor or numerical model wind estimates. They should
also serve to improve our present understanding of the electromagnetic range bias phenomenon
that corrupts altimetric sea surface topography measurements.



1 Introduction

Many empirical studies have been directed at developing an improved satellite altimeter ocean wind
speed algorithm using differing numerical approaches and data sets (e.g. Brown et al., 1981; Dob-
son et al., 1987; Chelton and McCabe, 1985; Witter and Chelton, 1991; Glazman and Greysukh,
1993; Young, 1993; Lefevre et al., 1994; Freilich and Challenor, 1994 ). The global altimeter ocean
wind product is mostly limited to validation and climatological usage (e.g. Young, 1999) because
the altimeter’s nadir-pointing geometry only permits estimates of surface wind speed along a nar-
row ( 2 km) swath without wind direction information. However, accurate wind speed estimates
from the altimeter are important for their uses mentioned above and because altimeter wind speed is
used in a point-by-point correction of the sensor’s estimate of mean sea surface level via the electro-
magnetic bias algorithm. Freilich and Challenor (1994) and Glazman and Greysukh (1993) expand
on these points and both studies suggest that objective criterion for evaluating algorithm improve-
ment should include the minimization of wind speed biases and root-mean-square error, removal
of non-wind geophysical impacts such as sea state, and functional continuity (finite first derivative)
such that the wind speed histogram is not distorted.

At present, the operational altimeter wind speed algorithm for the TOPEX/Poseidon satellite al-
timeters is derived from interpolation over the look up table known as the modified Chelton-Wentz
algorithm ("MCW” , Witter and Chelton, 1991 ). This algorithm directly maps measured altimeter
backscatter at Ku-band to near-surface wind speed. The overall bias, < e >, for this algorithm is
suggested to be + 0.48 m/s (& = U,jyim. - Uinsit) @nd the root-mean-square (rms) error lies between
1.5 and 2.0 m/s (e.g. Witter and Chelton, 1991; Gower, 1996; Freilich and Challenor, 1994; Wu,
1999). Numerous studies have suggested that the form for this single parameter algorithm could be
improved upon (e.g. Freilich and Challenor, 1994 ). However, the limited amount of samples, and
thus certainty, provided by altimeter/buoy validation sets combine with a small level of improve-
ment to leave MCW as the current choice for new altimeters such as the GEOSAT Follow-On (GFO)
and JASON-1.

An issue that has remained of interest within altimeter wind model studies is the ability to detect
and correct for sensor wind speed errors associated with ocean waves that are not closely coupled
to the local wind field. An obvious attraction in these efforts is that the altimeter provides an ac-
curate measure of the ocean’s significant wave height, SWH , along with every radar cross section
estimate. Physically and observationally - it is well known that SWH is at best a partial indica-
tor of the actual wave conditions that would be better described by, for example, a measurement
of the directional wave height spectrum. Still, evidence for a sea state effect on altimeter-derived
wind has been addressed in several studies (Monaldo and Dobson, 1989; Glazman and Pilorz, 1990;
Glazman and Greysukh, 1993; Lefevre et al., 1994; Freilich and Challenor, 1994; Hwang, 1998 )
that make use of SWH estimates. Reported results range from substantial impacts to no impact (cf.
Wu, 1999 ). Several wind speed algorithms that use both backscatter and wave height have been
suggested (e.g. Lefevre et al., 1994; Glazman and Greysukh, 1993; Bentamy et al., 1999 ). Most
studies appear to agree that the effect is clearly of second order and that SWH ( or pseudo wave age
as in Glazman and Greysukh, 1993) serves as a limited proxy for removing non-wind or sea state
impacts from the altimeter wind speed estimate.



The use of the C-band channel to enhance wind speed accuracy is another relevant issue for dual-
frequency altimeters such as TOPEX and the upcoming JASON-1 (e.g. Chapronetal., 1995; Elfou-
haily et al., 1997 ). These studies have shown that the small difference between the Ku and C-band
backscatter is well-correlated with the local surface wind, particularly for moderate to high wind
speeds. An inherently low signal-to-noise ratio and the importance of precise sensor calibration
have made the use of this measurement difficult to date. The present study does not address this
combination of the two channels. Results from that continuing effort will be reported at a later
date. Rather, we will document here the basic relationship between TOPEX’s C-band radar cross
section o2 and the near-surface wind speed.

This study provides several new mono-frequency (both at Ku- and C-band) altimeter wind speed
algorithms that attempt to globally correct for sea state impacts using altimeter-derived SWH esti-
mates. Motivation for the study comes from the colocation of a very large number of TOPEX al-
timeter observations with global surface wind estimates made using the NASA scatterometer (NSCAT)
in 1996 and 1997. The volume, global coverage, and fidelity of this data lead to a much clearer pic-
ture of the average impact of sea state upon altimeter backscatter at different wind speeds and for
different ocean basins. A long wave signature is measureable though our algorithm developments
indicate that SWH is indeed of limited value in improving point-to-point accuracy of wind speed
estimates. Proposed wind speed algorithms are devised using the help of neural network solutions

to map between the altimeter and scatterometer estimates.

Our report is organized as follows. First the data sets assembled for the development and valida-
tion of the wind speed models will be provided. Next we discuss the characteristics of the colocated
TOPEX and NSCAT data set in terms of wind speed errors and the indication of sea state impacts.
The following section provides the neural network methodologies and resulting solutions for map-
ping the Ku-band backscatter and significant wave height into a near surface wind speed estimate.
This section also demonstrates that the forward and inverse mapping of these data are not equiv-
alent. In section four we attempt to objectively compare the accuracy of these new wind speed
algorithms with numerous past algorithms. These routines are applied to a variety of independent
validation data sets. Our recommendation for a new operational Ku-band algorithm is given with
along with the improvements expected. The range of validity for this algorithm is 0-20 m/s. The
same data and procedures used in the Ku-band developments are then applied to the C-band data
set to document the wind response of TOPEX’s C-band altimeter backscatter measurements. A dis-
cussion section will attempt to summarize the limits of and promise for future altimeter wind speed
studies based on these investigations.



2 Observations

2.1 Datadescription

Previous studies have addressed altimeter wind speed models by examining altimeter measure-
ments colocated with buoy or model data, or by some statistical means using other nearby satellite
or global wind model information (cf. Witter and Chelton, 1991 ; Freilich and Challenor, 1994 ).
This study follows the colocation approach and we make use of the unprecedented ability to com-
bine TOPEX satellite altimeter measurements with those made at the same time and place by the
NASA scatterometer. The resulting crossover data set is very large and forms the basis for our al-
gorithm development and initial validation. The reasoning for this choice and details related to the
production of this combined data are given below.

We also describe several other combined data sets that will be used for subsequent altimeter wind
speed model validations and intercomparisons. These data sets represent similar crossover com-
pilations using other global satellite reference scatterometer winds (ERS and SeaWinds), surface
model winds (ECMWF) and buoy winds. We include data from the ERS and Geosat radar altime-
ters. The varied data sets offer the opportunity to assess algorithm stability with respect to bias, rms
errors and removal of wave height impacts. Moreover, inherent data set differences provide some
insight into issues such as intercomparison noise.

211 Combining TOPEX and NSCAT

A choice must usually be made in wind speed algorithm developments between evaluating a small
amount of measurements collected over fixed-location (often near to shore) ocean buoys and meth-
ods that utilize global wind statistics as the basis for tailoring the algorithm. A new option is be-
coming apparent in that numerous ocean observing satellites are now often in orbit at the same time.
Many of these satellites share wind observing attributes that can be exploited when their respec-
tive ocean footprints cross. The primary assumption in our study is that the high quality surface
wind observations gathered by the NSCAT can be used as surface truth for those points where near-
simultaneous TOPEX and NSCAT observations occurred. The colocated data set has the attributes
of very high spatial and temporal correlation, large data population and global coverage.

Moreover, a specific benefit for this case is the availability of a special high resolution scatterometer
product produced by S. Dunbar at the Jet Propulsion Laboratory. It is well-known that wind esti-
mate results can differ depending on intercomparison product resolutions and spatial and temporal
separation, a fact that is already well documented from an altimeter wind comparison standpoint
(e.g. Monaldo et al., 1989; Gower, 1996; Hwang, 1998; Freilich and Dunbar, 1993 ). A study ob-
jective is to discern sea state impacts on altimeter wind. Past studies and the known characteristics
of wind wave growth suggest such an impact may occur or be apparent over fairly small spatial
scales of order 10-100 km. For instance, the most common fetch for a wind sea on the ocean is
about 70 km (e.g. Tournadre and Blanquet, 1994 ). Not surprisingly, the horizontal spatial extent



of atmospheric mesoscale activities falls into this range as well. To probe the long wave impacts
on the satellite winds we then wish to obtain the finest scale intercomparison data set as possible.

The NSCAT wind speed data used for our study comes from the High Resolution Merged Geophys-
ical Data Product ("THR-MGDR”, Dunbar, 1997 ). The document of Dunbar (1997) describes the
basic configuration of the six antenna satellite and the method for wind speed inversion from the
radar backscatter measurements. Of particular note here is that the surface resolution is 25 km x 25
km for each wind estimate, a so-called wind vector cell. To keep sampling errors to a minimum we
desire equal sensor surface coverage. Thus, this high resolution NSCAT product is also beneficial
for this purpose as the TOPEX wind resolution cell is relatively miniscule - of the order of 2 x 6 km.
Larger footprint (50km? ) products such as from SSM/I, NSCAT, or ERS1-2 would encompass an
area four times larger than this HGDR product. The algorithm used to derive wind speed for our data
set was the NSCAT-1 (Wentz and Smith, 1999 ). A new algorithm, NSCAT-2 is now in existence.
Its inclusion into our data set would not be straightforward but the changes between NSCAT-1 and
2 have been evaluated and found to be small in their wind speed impacts for the range of data (1-20
m/s) of interest here. Our independent validations of section four suggest this is the case. There we
include evaluation of results against a colocation of TOPEX with NASA’s SeaWinds scatterometer
that uses the NSCAT-2 model function to derive its wind.

TOPEX altimeter data comes the TOPEX/Poseidon Merged Geophysical Data Records, genera-
tion B ("MGDRB”, Benada, 1997 ) for the period of the NSCAT mission, September 1996 to June
1997. Data come directly from the MGDRB CD-ROMs with one exception being that the C-band
backscatter data is corrected to remove the Ku-band atmospheric correction and replace this with
the proper C-band estimate.

A given colocation point within our data set can be characterized as follows. A valid crossover
occurs for time differences of less than +/- 60 minutes and wind cell spatial intersection within +/-
12 km of their respective centers. Data flags for both sensors at that point must indicate deep ocean,
no sea ice free and valid data collection conditions. Our resulting data set consists of over 245,000
points.

Next, only those crossover points where the NSCAT midbeam antenna has an incidence angle grea-
ter than 40 degrees are kept. This eliminates more than half of the possible ocean crossover points
but there is evidence to suggest that near-incidence scatterometer winds are also impacted by the
sea state (e.g. Queffeulou et al., 1999 ) and so we remove this data. To bring the TOPEX spatial
resolution as near to NSCAT as possible we include an average over those TOPEX data points (one
point every 6 km along track) that fall within the given NSCAT wind cell. Thus the TOPEX ’wind
cell’ characteristics become variable from 2 x 6 km to 2 x 25 km. An additional minimal filtering
of outliers includes the removal of those points where the TOPEX estimate of backscatter is below
5.0 or above 30.0 dB and those cases where the TOPEX liquid water estimate exceeds 500 microns.
The composite data set has a population of 96,500 samples. At each wind vector cell within our
data set we have compiled the relevant data collection times, location and relevant supporting data
and flagging information to insure data quality. Of course the main parameters at each point are
the NSCAT 10 m wind estimate, TOPEX normalized radar cross section (¢°) at C- and Ku-band,
and TOPEX significant wave height. TOPEX in this case denotes the NASA altimeter aboard the



satellite, we do not use data from the Poseidon altimeter for this study.

2.1.2 TOPEX and the ERS C-band scatterometers

The ERS Active Microwave Instrument included a C-band scatterometer that provided another op-
portunity for TOPEX colocation. TOPEX/ERS crossovers used here were compiled from CERSAT
(Centre ERS d’Archivage et de Traitement) products (Cersat, 1996 ). This C-band scatterometer
operated with lower incidence angles than NSCAT, and had three antenna but only on one side of
the satellite. To encompass the 1996-1997 NSCAT period, and have a statistically representative
dataset, we needed to include data using both ERS-1 and 2 satellite instruments over the 2 year
period extending from November 1995 to November 1997. The period November 1995 to May
1996 corresponds to ERS-1, with ERS-2 data after this. The scatterometers are identical and their
cross-calibration was accounted for within the CERSAT data base.

Processing of the different ERS backscatter measurements results in a wind inversion with surface
resolution of 50 km x 50 km. Version 3.2 of the CMOD wind inversion algorithm was used. Only
data flagged as free of ice and having valid sensor measurements were kept. No or very low wind
(<1 ml/s) cases were also removed from the set.

TOPEX altimeter data come from the AVISO CD-ROM, version C. As for NSCAT/TOPEX dataset,
C-band backscatter data were corrected to remove the Ku-band atmospheric correction and replace
this with the proper C-band estimate. The same additional filtering as for TOPEX/NSCAT was ap-
plied.

Colocation was first done for a +/- 60 minute time lag and a +/- 50 km spatial separation. This
resulted in more than 300,000 data points. A subset was extracted from this one to keep only those
crossovers with 30 min./15 km time and space separations. For a 0 km spatial difference TOPEX
ground track size is then about 2 x 100 km. For a 15 km distance it is reduced to 80 km. For a given
ERS-2 scatterometer measurement, we then provide two different types of TOPEX measurements:
one is for a single point (CD-ROM data), and corresponds to a 2 x 6 km resolution. The other
corresponds to a 2 x 80-100 km resolution.

For retrieval of wind speed from ERS-2 scatterometer, all o° estimates having their center inside
the 50 x 50 km cell are used. This results in a maximum 70 x 70 km ground resolution associated
with such a wind speed estimate.

The final data set contains only those cases where all ERS data are for an incidence angle higher than
40 degrees. This leads to a total of 70,500 samples with global coverage. The spatial distribution
and density of these crossovers is represented in figure 2b.



213 TOPEX and QuikSCAT

Global Ku-band scatterometer-derived winds from the SeaWinds sensor aboard the QuikSCAT satel-
lite have been available since July of 1999. SeaWinds has two rotating antennas operating at fixed
incidence angles (46 and 52 degrees). Colocations of TOPEX and QSCAT data were recently achie-
ved by CERSAT over the three month period from 19 July to 15 October 1999. We note that there
had been a substantial change in TOPEX between the NSCAT and QuikSCAT periods in that the
original NASA altimeter (side A) aboard TOPEX was switched off and replaced with a redundant
system (side B) in Feb. of 1999.

For this data set we selected crossovers with time and space separations of less than 30 min. and 15
km. As with NSCAT, a high resolution processing was applied, resulting in 25 x 25 km wind cells.
Taking into account the size of an individual «° pattern, the maximum ground resolution associated
with the wind estimate should be expected to be significantly higher, close to 50 x 50 km. This prod-
uct provides two different TOPEX measurement resolutions to remain consistent with the colocated
datasets detailed above. The first is the single point MGDR-B data with 2 x 6 km resolution. The
second is a 13-second average over the various TOPEX measurements, correspondingtoa 2 x 70
km ground cell. Filtering of the two data sources was performed as described for TOPEX/NSCAT
with the exception being that all SeaWinds wind vector estimates are for incidence angles above 40
degrees. This data set contains more than 88,000 data points.

2.1.4 TOPEX and ECMWEF winds

Global model estimates of surface wind vector from the European Center for Medium-range Weather
Forecasting (ECWMF) surface analysis are provided for each point in the colocation data sets de-
scribed above. These model-derived winds will be used for altimeter algorithm validation purposes.
We note that the model winds do not come from the ECMWEF reanalysis. The ECMWEF analysis
provides near-surface wind vector estimates for an altitude of 10 m above the ocean and for neutral
stability. Their output is on a 1.125 x 1.125 degree grid every 6 hours. For our purpose we inter-
polate in the model output in space and time to derive a wind estimate colocated with our sensor
observations. This results in a maximum time lag of +/- 3 hours. Ground resolution for ECMWF
is then 125 x 60-125 km, depending on latitude.

This type of wind product has proven to be quite useful and valid for global development of the
average wind characteristics of a sensor such as the satellite scatterometer or altimeter. However
the inherent smoothness associated with the relatively larger spatial and temporal scales of such a
model does introduce variance into any intercomparison with a finer resolution observation. For
example, Freilich and Dunbar(1993) were able to identify a model-related noise factor of 30 % in
comparing altimeter and model winds.



2.1.5 ERS-2altimeter and NSCAT

Observations from Ku-band altimeter aboard the ERS-2 satellite can be used for a sort of indepen-
dent assessment of the work derived using the TOPEX/scatterometer crossover data sets. To this
end we obtained the crossovers between the ERS-2 altimeter and NSCAT as produced by CERSAT
within its collaboration with NASA and NASDA ADEOS project teams. This compilation cov-
ers the whole NSCAT period (CERSAT, 1997; Queffeulou, 1999b ). Our data set for validations
here was assembled and filtered as for the cases above. A difference here is that NSCAT wind es-
timates provided are for 50 x 50 km (not 25 km) wind cells. Again, taking into account the size of
an individual o° estimate footprints, the ground resolution associated with the wind estimate may
be significantly higher, close to 70 x 70 km. The ERS-2 altimeter measurements are averaged over
11 seconds, representing an along track distance of about 70 km. One-second averaged altimeter
measurements are also provided. The total data population contains 129,000 crossovers.

2.1.6 GEOSAT altimeter and NDBC buoys

Numerous altimeter wind studies have been conducted using data from the Geosat altimeter. To
assess that data and to provide some continuity between studies we obtained the dataset used by
Glazman and Greysukh (1993). This compilation matches buoy (of the National Data Buoy Cen-
ter) and Geosat altimeter measurements for the period November 1986 to July 1989. Data and doc-
umentation come from the JPL (Jet Propulsion Laboratory) PO.DAAC web site. The collocation
procedure and characteristics are described by Glazman and Pilorz, 1990 . We used data filtering
as described by Glazman and Greysukh (1993). Spatial separation is smaller than 0.5° and the time
lag is lower than 45 minutes. Geosat o° and SWH measurements were averaged over three sec-
onds. This data set is much different from the others assembled here in that it is small (less than
5000 points total) and for a very non-global sampling.

2.2 Overview of thetraining data set - NSCAT/TOPEX

Figure 1 presents the TOPEX data versus NSCAT-derived wind speed for the overall data set. Only
one tenth of the total colocated samples are represented in the scatter data for panels a,b,c in the
figure. As discussed earlier, these complete data represent crossovers for the nine month period
from Sept. 1996 to June 1997.

Figure 1a shows Topex o, measurements in decibels against NSCAT wind speed. Their relation
appears to be close to linear above 5-6 m/s, while, with decreasing wind speeds, o increases rapidly.
One can note that o scatter is on the order of 1 dB for a given wind speed. This scatter also increases
with decreasing wind speed. An obvious feature of the large data set is measurement across the
full range of ocean wind speeds. The overall character of these TOPEX data appear to be entirely
consistent with such global TOPEX results as those shown by Callahan et al. (1994) .

TOPEX measurements of significant wave height, SWH, are represented in figure 1b. These data
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indicate a broad range of sea state conditions. The model curve on the figure represents fully-
developed seas for agiven NSCAT wind speed using the Sverdup-Munk model. The wind depen-
dence of these wave height datais al so consistent with past global TOPEX observations(e.g. Calla
han et a., 1994) where the prevailing interpretation is that the sea state is mostly associated with
swell under low wind speed conditions. A broader range of possible wave development states is
present at moderate wind speeds. Wave heights below the fully-developed curve likely indicate
cases where seas are less than fully developed. However, these occurrences appear much less often
in our global data set than do those situations where the sea state indicates presence of both sea and
swell. Such mixed swell/sea cases prevail withinall of our assembled global altimeter/wind product
datasets. Thefact that, for light to moderate winds, the background swell isamost aways present
suggests that ideal fetch-limited wind wave growth situations are a rarity on the open ocean. This
appears to be true apart from cases of high wind speeds where the swell energy is a much smaller
contribution to the total wave height. For winds above about 11 m/s one can see that the measured
wave heights tend nearer to the fully-developed sea prediction. One conclusion we draw here is
that aglobally-relevant altimeter wind model need not be weighted too strongly toward attemptsto
correct for fetch-limited situations.

Figure 1c, provides a scatter plot of altimeter wind speed estimated from the operational TOPEX
algorithm (Witter and Chelton, 1991), MCW, showing a non-negligible amount of data with wind
differences in excess of +- 2 m/s. We find that for the complete TOPEX/NSCAT data set 15 %
of the TOPEX-derived winds exceed these bounds. Furthermore, a systematic overestimation of
wind speed by about 0.5 m/sis observed over the whole wind speed range. This biasis confirmed



by the wind speed histograms presented infigure 1d. It hasalso been pointed out in past studies (e.g.
Freilichand Challenor, 1994 ). On panel (d) we also show the wind speed histogram from the colo-
cated ECMWF wind model data. There is excellent agreement between the NSCAT and ECMWF
estimation. One obvious but important observation here is that the globa wind distributions indi-
cate that the prevailing ocean wind speeds fall between 3 and 12 m/s. This strong weighting of the
sampled population towards a mean value of about 7 m/s needs to be considered in wind model
developments and validations.

NSCAT/Topex crossovers

Number of colocated samples 180°W

20 40 60 80 100 120 140

ERS/Topex crossovers

Number of colocated samples 180°W

20 40 60 80 100 120

Figure 2: Spatial density of satellite crossover points used in this study. The upper plot isfor NSCAT/TOPEX and
the lower depicts ERS/TOPEX.

To provide a sense of the global distribution of our compilation we present in figure 2a the spatial

density of TOPEX/NSCAT satellite crossover samples for the ninemonth period. It isapparent that
the data set does contain global ocean observations out to the 66 deg. latitude limit of TOPEX. We
note that the data of both satellites were conservatively filtered for sea ice occurrence and so this
should not be a noise factor in our wind speed studies. A salient characteristic of the crossings for
these polar-orbiting platforms was the increased likelihood of high latitude intersections. As one
can seeinfigure 2b thiswas a so the case for the TOPEX and ERS scatterometer intersections. One
can note that though the combination was done for two years in the case of ERS vs. nine months
for NSCAT the data quantities are similar.

Next we examine the chosen reference wind product for this study - NSCAT’s 10 m wind derived
from a 25 km wind vector cell. As noted earlier, we restrict our data set to winds derived using
scatterometer incidence angles above 40 degrees to ameliorate possible wind speed errors associ-
ated with long waves or sea state. For overall validation of the NSCAT winds and the NSCAT-1
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geophysical model function see Freilich and Dunbar (1999) , and Wentz and Smith (1999) .
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Figure 3: NSCAT and ECMWF wind speed comparisons. (a) upper plot : bin-averaged relations (blue), symmetrical
linear regression (red) and identity line (black). (b) lower plot : standard deviation of the U, scat — Ueemwyp Wind
difference, as afunction of NSCAT wind (red) and ECMWF wind (black).

Figure 3apresents averaged dataand a symmetric linear regression fit between the ECMWF model
wind and the NSCAT product. As mentioned earlier the model winds have been interpolated and
are asmoother product to begin with. Both products will have substantial rms about a "true’ wind
measurement as well as possible biases. A symmetrical linear regression is performed to obtain a
result invariant with choice of the regressor. The comparison between the two parameters shows
excellent agreement with aslight biasthat never exceeds 0.3 m/sin theaverage of one estimatewhen
averaged over binned subsets of the other. These visible departures of the averaged data from the
linear regression reflect arelatively high noise level (seefigure 3b) and positive/negative skewness
of thedistribution at low/highwind. Nevertheless, such bin averaged results appear to be consistent
with the symmetrical linear regression as shown in figure 3a.

Referencing figure 3b one sees that standard deviation of the Uy scar — Ugconrw e Wind difference
as a function of ECMWF or NSCAT wind speed is about constant at 1.7 m/s for winds less than
10 m/s. For higher wind speeds the rmsincreases strongly - up to 2.4 m/sat 16 m/s. Thisincrease
may be related with: (1) the difference of resolution cells for NSCAT (25 km) and ECMWF (120
km). Thisbecomes moreimportant for stronger winds because they are likely to be associated with
smaller scale meteorological structures. (2) the fact that high winds are morelikely to be associated
with high latitude areas where both NSCAT and ECMWF are not validated. The overall standard
deviation between productsis 1.8 m/s.

Following sections should make it apparent that intercompari son rms does substantially lower when
using colocated satellite measurements as suggested by Freilich and Dunbar (1993) . Data affirm
that about 30 % of this 1.8 m/s rms can be readily attributed to the large differences in both space
and time resol ution between the atmospheric model and the scatterometer.

11



221 Average SWH impact on altimeter backscatter
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Figure 4. Gridding of the TOPEX 0%, and NSCAT wind speed; color represents corresponding SWH value.

Figure 4 displays agridding of o4, versus Uy sc .47 With color representing the average value for
altimeter-derived SWH for a given wind speed and o%-,. One can observe a clear dependence of
altimeter o° at constant wind upon SWH variation. The relative magnitude of the change decreases
with increasing wind speed. However, the variance is quite strong for common ocean wind speeds,
such as the 2 dB range at 6 m/s. Such a 2 dB range tranglates to large wind error for the TOPEX
o4, wind speed agorithm where wind sensitivity is about 3 m/s/dB at 6 m/s.

It isimportant to recognize that the pattern that emerges in figure 4 is due to the very large amount
and global nature of the assembled data set. Much of the space mapped here represents infrequent
events and high latitude observations that would not be seen in smaller and more localized com-
posite data sets (e.g. atimeter colocations with the NDBC buoy network observations). On the
other hand, one can expect such a mapping to gain even better definition with a long-term multi-
year data colocation where the sampling of sparse regions increases (e.g. TOPEX/JASON-1 and
the SeaWinds platforms).

These global observations of an average sea state correlation with altimeter cross section variation
for any fixed wind speed confirm, at least in some respects, numerous past studies of sea state im-
pacts on altimeter wind estimations as discussed in our introduction and first suggested by Monaldo
and Dobson (1989) . One finding in following sections is that the GEOSAT/NDBC data used for
many past sea state impact studies shows little of the variations seen in figure 4 and as such, incon-
clusive findings (cf. Wu, 1999 ) are not surprising.

Another means of viewing this sea state effect isin terms of the operational altimeter wind product.
This algorithm is a straightforward mapping of ¢4, to wind speed. Figure 5 provides that result
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in panel A versusthe ECMWF wind speed. Traces for several ranges of wave height are provided.
Herethe sea state effect is evident by the TOPEX wind bias above or below the reference wind. We
also provide the NSCAT wind for the same wave height ranges to show that indeed the scatterom-
eter wind product shows a negligible relation to the variations in SWH. The ECMWF referenceis
used to insure direct affirmation that the altimeter exhibits this SWH dependence whereas the scat-
terometer does not. Results of altimeter wind speed for these SWH ranges and versus the NSCAT
wind (not shown) shows a slightly more dramatic departure from the reference wind because there
is less intercomparison noise to mask the SWH signal.
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Figure 5: Averagerelationsbetween Useiy — Ueemuw (@) and Upseat — Ueemuw ¢ (D) versusECMWEF Uy, for different
SWH classes: 1m (dashed line), 3m (dotted line), 5m (solid line). SWH range is +0.5 m/s around the indicated value.

Figures4 and 5 provide motivation for including the altimeter’s wave height in attempts to invert
accurate wind speed estimates. One could envision a point-to-point altimeter wind speed estimation
where both the altimeter backscatter and SWH measurements are used (e.g. Glazman and Grey-
sukh, 1993; Lefevre et a., 1994; Elfouhaily et a., 1997 ). We do caution however that the results
shown here depict the average, not the instantaneous, signature. As pointed out in numerous past
studies and as expected in our data sets, the wave height parameter will not be a direct indicator of
the long wave influences that impact a given o9, measurement. Just as for the backscatter alone,
there is no pairing of «¢., and SWH that uniquely maps to one wind speed. Some ambiguity is
likely to remain due to the indeterminate amount of sea versus swell within SWH, the indetermi-
nate direction of the sea versus the swell, unknown fetch etc... This notion that SWH is a limited
surrogate for the actual wave conditions should be kept in mind when devel oping a2-parameter (o°
and SWH) wind speed algorithm for the altimeter. A dramatic accuracy improvement with such a
model is unlikely, nevertheless, within global considerations the SWH signature of «° variations
cannot be considered negligible as it is often thought (see Freilich and Challenor,1994).

Another point to note is that the observation of figure 4 represents a mapping between three vari-
ables that is not completely reciprocal. In that figure the average backscatter and wave height are
computed for a fixed reference wind speed of NSCAT. Such aresult indicates that backscatter can
vary substantially for agiven wind speed. It is perhaps interesting to notice that when one assesses
theinverse case of wind speed variation for afixed reference o° (average the data along y-axis) that
the variation’sdependence on SWH ismuch weaker. Aninitial illustration of thislack of reciprocity
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is shown in figure 6 whereit is found that the estimated wind speed error is much more correlated
when looking at o° variation for a constant wind speed (0.53) than the inverted wind speed varia-
tion at aconstant o° value (0.1-0.4). Thisaspect of thedatawill be explored further in thefollowing
section.
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Figure6: Correlationof thewind speed error U,,c. — Unsea distributionwith SWH at a given reference wind speed.
The solid trace represents error for case of a constant U, ..+ reference while the dashed lineis for constant o (or

equivaently, constant U,y -
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3 Ku-band wind speed model functionsvianeural network me-
thods

Section 2 presented global colocation of the scatterometer and altimeter data depicting that, on av-
erage, the altimeter backscatter can be seen as depending on both the near-surface wind speed and
significant wave height. Asalready discussed, thisconcept isnot anew one but the prevailing wind
speed retrieval algorithm for the TOPEX and future JASON-1 altimeter mission relies on the stan-
dard single parameter Modified Chelton-Wentz mapping (Witter and Chelton, 1991)

0w = farow (Uro) 1)

TheMCW routineisstill in use because previoustwo parameter attempts have failed to substantiate
the need to include awave height adjustment (cf. Wu, 1999). Our NSCAT/TOPEX data presents a
new opportunity to develop aglobally-based altimeter wind speed solution relevant for operational
usage. That is, derive the wind speed using solely those two products measured by TOPEX:

Uro = Fi(ofe,, SWH) 2

Referring back to figure 4 one can see that the three dimensional spaceis somewhat nonlinear, par-
ticularly when considering both high and low wind speed regimes. For this reason we chose artifi-
cial neural networksto model the relationship between the o°-SWH combination and near surface
wind speed. This choice assures arobust non-parametric mapping, with one ramification being that
aderivative sea state parameter such as pseudo wave age (e.g. Glazman and Greysukh, 1993) that
combines wind speed (or backscatter) with SWH should be encompassed by our solution. In the
following sections we describe application of two differing neural techniquesto the 97,000 realiza-
tions of these three parametersin our TOPEX/NSCAT data. Thefirst isageneral regression neural
network (GRNN) and the second uses the multilayer perceptron (MLP) approach.

The objectivein these non-parametric regressions is to generate a globally faithful and continuous
representation of the observed relation between our known wind speed and the TOPEX measure-
ments. A most direct means to predict wind speed from the TOPEX observations would be to de-
velop aneural network that providesthe forward function F (equation 2). Inthat case wave height
and radar backscatter observation pairs are mapped to a corresponding wind speed. However, from
aphysical perspective the expectation is that Ku-band o° observations are correlated with both the
long waves (SWH) and the local wind waves (U;). As such, a more physically-relevant develop-
ment should treat those latter variables as network inputs and ¢° as the output:

0ty = Fo(Uro, SWH) (3)

These functions ( 2) and ( 3) will not necessarily provide identical wind speed values for identical
input of the TOPEX backscatter and SWH measurements. In fact our results will show that the
solutionsare not reciprocal with respect to wind speed mapping and indicative of therelatively high
correlation between the radar’s backscatter and SWH, especially in comparison to the correlation
between NSCAT’s wind speed and SWH.
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3.1 GRNN
3.1.1 Network design

A neural network is an association of basic elements called artificial neurons. It can have one or
several inputs and outputs, and can be seen as a complex transfer function between inputs ¢; and
outputs s;.

General regression neural networks (GRNN) are often used for function approximation. It has been
shown that, given a sufficient number of neurons, GRNNSs can approximate a continuous function
to an arbitrary accuracy. GRNNSs are comprised of two layers of artificial neurons. The first layer
consists of radial basis neurons, whose transfer function is a Gaussian with a spreading factor /.
First layer weights are ssmply the transpose of input vectors from the training set. A Euclidean
distance is calculated between an input vector and these weights which are then rescaled by the
spreading factor. Theradial basis output isthen the exponential of the negatively weighted distance
having the form:

®(e) = exp(—dist(e,w)*/h*) 4

Therefore, if aneuron weight is equal to the input vector, distance between the two is 0 giving an
output of 1. This type of neuron gives an output characterizing the closeness between input vec-
tors and weight vectors. The weight matrix size is defined by the size of the training dataset (m
parameters x n data points), while the number of neurons is the number of input vectors (n).

The second layer consists of neurons with alinear transfer function. Weights in this layer can be
viewed as the slope (m) while the bias vector (b) is the y-intercept. Each are solved to minimize
the sum-squared error (SSE) between the output of the first layer (x) and desired output (y).

As the spreading factor 4 increases, the radial basis function decreases in width. The network will
respond with the target vector associated with the nearest design input vector. As the spreading
factor 1 becomes smaller, the radial basis function increases in width. Several neurons may then
respond to an input vector. Thisis because the network does aweighted average of corresponding
target vectors. Asradial basisfunction getswider and wider, more neurons contributeto the average
resulting in a smoother model function. For this study, the spreading factor was held constant for
all neurons and is optimized through calibration of the network.

One advantage of the GRNN approach is simplicity. The adjustment of only one parameter /. is
sufficient for determining the network. Drawbacks of this technique can be the large network size
and computational cost associated with developing this network for a large set of input test vec-
tors such as our NSCAT/TOPEX data set. To adequately characterize the training data it is typical
that the number of neurons equals the number of training vectors. As the number of training vec-
tors increases, the network size and computational load increases. Our approach in implementing
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a GRNN solution is to reduce the number of training vectors. One notable implicit feature of the
GRNN solution is that the solution is not in compact or closed form. The function is essentially a
look-up table of the networks coefficients with matrix size equal to the training set.

3.1.2 Input dataset

For reasons discussed above we chose reduce the number of input training vectors by developing
agrid that presented the average response of the inputs to the output. Two separate training grids
were created to solve F; and F3, ( 2) and ( 3) above.

(0°,SWH) training grid - Figcryn At each grid point, an average wind speed was computed
based on the peak of the wind distribution. The grid was defined as running from 6.5-25 in ¢ and
0.5-6. in SWH with step sizeof 0.1 dB in ¢° (0.2 dB for ¢° above 12 dB) and 0.25 min SWH. The
distribution peak was chosen due to the non-normal distribution of wind within grid cells at low
and high wind speeds. Since data is near normal in central grids, the peak equals the average and
therefore our training input grid is consistent across all elements. Values are only allowed into the
training grid if an element (unique pairing of SWH and ¢° ) contains at least 7 samples. Thusthere
will not be a GRNN solution for the sparsest regions of the data set, such aslow values for both ¢°
and very low SWH.

(U10,SWH) training grid - Fooryy Data were dispatched on a (wind speed, SWH) grid where
for each grid element acharacteristic o° valuewas calculated. The grid was defined asrunning from
1-19in U;0 and 0.5-6. in SWH with step size of 0.2 m/sin U/;, and 0.25 min SWH. In this case the
distribution of o° values for a given element is close to normal over the entire grid. Therefore we
characterize the distribution of o° by its mean if a sufficient number of points arefound. As above,
sparse elements with few or no samples are omitted.

3.1.3 Model training and optimization

In the case of the GRNN, the first training step consists in setting weights of both layers of the
network respectively to inputs and outputs of the training dataset. The remaining step then is to
optimize the spreading factor /1 by use of a calibration dataset which is separate from training set.
Since an averaged data grid was used for the training vectors, we select different raw subsets from
our global dataset for calibration. An optimal value for 4 is then determined and used for training.
Any use of the network subsequent to training maintains this value of 4.

As mentioned, the Euclidean distance is measured between inputs and weights of thefirst layer. To
give each variable equal weightingin theinversion we normalizeall three variablesbefore training.
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32 MLP
3.21 Network design

A multilayer perceptron (MLP) isawell documented neural architecture that when combined with
backpropagation of errors provides a powerful and compact solution to many intractable problems
[Hagan et al. 1996] [Sterling and Pollack 1996]. For this study, we find adequate characterization
using a three layer MLP consisting of an input layer, a single hidden layer, and an output layer.
Two nodes represent the two inputs (U1, and TOPEX SWH for F,.p or TOPEX o and SWH for
Fsap). The hidden layer has two nodes and the output layer has one (Uy4 or ¢°). A log-sigmoid
transfer function of the form:

f(net) = 1/(1 + eap(—net)) (5)

is used between both the hidden and output layers. The requisite rescaling of all input and output
variablesis made to normalize the data between .1 and .9 due to the asymptotic limits of this func-
tion.

Advantages of the backpropagation MLP include a small solution network and quick (forward)
computational speed that permits training over alarge input vector set. The main disadvantage of
the backpropagated ML Pisthe many variableswhich must be considered when constructingaMLP.
Thisincludesthe number of hidden layers, thetype of transfer function(s), theinitia conditions, and
the types of backpropagation ML Ps available. One must also consider the training timewhichisa
direct function of training set size and MLP chosen for the task.

3.22 MLP training and optimization

The MLP network developed hereis not trained in the traditional manner of dividing the set in two
and using one set for training and the other set for independent testing. Thisisduetothe sparsedis-
tribution of data at the extremesin the grid and how these points are under-represented during neu-
ral training. Since afunction’s sensitivities (partial derivatives with respect to all network weights
and biases) are added during training ( Hagen et al.), large differences in data distribution across
the training domain can potentially lead to solutions that are biased towards higher density regions.
For the TOPEX/NSCAT dataset it is clear from the wind speed distributions shown in section two
that there are many more training samples near 7 m/s than, for example, near 2 or 18 m/s. Inturn,
it was empirically determined that the non unique nature of the proposed mapping between these
three chosen parameters leads to a solution that favors minimization near the densest data popula-
tion at the expense of low and high wind regimes. To help alleviate this feature, we equalize the
distribution of points placed into the training set. Thisinvolves ’binning’ the data into 41 equally
spaced wind speed bins of spanning from 0-20 m/s. Only 200 randomly-sel ected sample data pairs
from each bin are allowed into any given training vector set. Any bin with fewer than 200 samples
has al its pointsincluded. Therefore, all data at the extremes are included in any given training set

18



and the MLP solution weighting towards U/;,= 7 m/sis lessened. An added benefit of thistraining
set conditioning isareduction in the training set size from the initial 97000 sample pairs. Thissize
reduction enables holding aside a large portion of the data set for validation and permits use of the
following backpropagation technique.

An enhanced error backpropagation technique called the L evenberg-Marquardt algorithmisused to
increase training speed. Our method of training isto search for an optimized solution by creating a
network for random draws of our equalized training subset (5% of the total set), each subset chosen
as described above. For each training set the Levenberg-Marquardt algorithmis run for 50 epochs.
At this point, training is halted and a *goodness-of-fit” ([Kohler 1988]) test is made to check for
solution improvement using a Chi-Square test statistic of the form:

K =3"((fo— fe)*)/fe (6)
where -

fo =observed or neural calculated wind distributionfe = expected or known wind distribution

The Levenberg-Marquardt agorithmitself does agood job of reducing the M SSE (mean sum squa-
red error) . For almost any randomly drawn data set the M SSE will convergeto nearly the samemin-
imumvalue. However, what we desirein this case is both this minimization of the global error vari-
ance as well as minimization of the error bias and skewness across the whole range of wind speeds
(or o° for F,). This additional step of computing a Chi-Square test statistic between the known
and neural-calcul ated distributions serves as an additional optimization criterion to the L evenberg-
Marquardt training. The combined Chi-Square *goodness-of-fit” and M SSE optimizations lead to
computed and known data distributions that are equalized and a solution where bias and variance
variation are minimized.

Resulting solutionsfor /7 and £, consist of nine coefficients. Their values and the details on algo-
rithm implementation are given in alater section.

3.3 Realts

We arrive at four separate neural network solutions after training to solve £ and £, using both
the GRNN and MLP approaches. In the following, we will denote the type of neural method used
with low indices (FlMLp,FlGRNN,FQMLP,FQGRNN). Brief Comparigjn between these models will
primarily be made hereviareferenceto altimeter-estimated wind speed using the TOPEX measure-
ments as input (¢,,SWH). The 10 m wind speed is directly obtained from F; but must be inverted
when using £ (i.e. an interpolated |ook-up table was used in this case). A more thorough evalua-
tion of our two parameter approaches will be provided in a validation section to follow.

Asafirst illustration of the models we present their response versus altimeter backscatter and ver-
sus wind speed for three separate values of significant wave height. Each model panel in Figure 7
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also shows the standard TOPEX wind speed routine, MCW. The upper panels in the figure show
the respective TOPEX/NSCAT observations as extracted from the averaged, binned data grids that
are used to train the GRNN solutions. These averaged values depict the desired goal for our solu-
tions and it is apparent that al four approximations do carry information on the SWH parameter
consistent with those observations. The observations and models make it quite clear that /; and
F, present substantial differences with respect to wave height impacts in wind inversion. Thisis
consistent with our physical expectations (see figure6 and rel ated text regarding SWH correlations)
that /7, model functions will result in lower SWH dependency of altimeter o° than £ for agiven
wind speed. Thisis particularly evident at the low and high wind speeds.

FlGRNN training samples F training samples

2GRNN

5
5 10 15
wind speed (m/s)

FlGRNN l:ZGRNN

5
@

N
w &
NS
w &

N
N

-
=y

Topex Ku-bandc® (dB)
oo
[

Topex Ku-bandc® (dB)

=
1)

©

i
10 15

15 0 5
wind speed (m/s)

5 10
wind speed (m/s)

Figure7: Topleft (right) panel represents the averaged dataused for Figryn (Fagry ) training. Average behavior
of the 4 neural models are also presented, middle panels for MLP, bottom panels for GRNN. Three different SWH
classes were selected : 1m (circles), 3m (pluses) and 5m (squares). MCW model is represented for comparison (thick
line).

Wind speed histograms of wind speed from the four neural models are presented figure 8. In each
case, NSCAT wind speed histogramsare overplotted for comparison. ML P model s produce smooth-
ly varying histogramsthat closely resemblethe NSCAT observations. Thisisnot surprisingasMLP
solutions were optimized in part to minimize histogram differences. GRNN histograms do differ
from NSCAT, and, as claimed by Freilich and Challenor (1994), this is a potential weak point of
GRNN techniques. However, the Fy. vy histogram does not present large distortions.

As afurther illustration of the present solutions figure 9 presents a scatter plot comparing neural-
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Figure8: Histogramsof neural wind speedsinthe NSCAT/Topex dataset. L eft plot concerns ML P, right plot concerns
GRNN. On each plot are represented : F; (thick dashed), F (thick full line), NSCAT (thin full line).

derived altimeter wind speed(using F,ryn @S an example) to the reference NSCAT wind speed
in the (¢°,U10) space and for a random subset of the 97000 data samples. One can see that our
computation provides arange of U/, estimates for a given (¢°) that accords well with the NSCAT
estimates. We can aso point out figure 9 that the standard deviation of wind error is visibly im-
proved. Note that both the GRNN and MLP solutions can be justifiably validated using the overall
TOPEX/NSCAT data set because their respective training did not depend on the entire data set.
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Figure9: Left: scatter plot of altimeter Ku-band o° and as function of wind speed. Black dots correspond to NSCAT
wind speed, red dotsto o rvv. Right : scatter plot of altimeter error wind speed (relatively to NSCAT estimate) as
function of NSCAT wind speed. Black dots correspond to MCW, red dotsto Fagryva .

Referring back to Figure 7 thetwo sel ected neural techniques provide solutionsthat are quite similar
for the case of both £ and F,. Both MLP and GRNN models smoothly cover the space. One can
note those regions where there is no GRNN solution due to the lack of data points. For the case of
F} the two techniques appear to yield very similar results with respect to SWH dependence with
the exception of some slight difference for wind speeds below 5 m/s.

Light wind isin some sense a special case for both the F; and F; spaces and both network tech-
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niques. Thisis partly because the altimeter backscatter and scatterometer winds become highly
variable at light winds and partly because there is a limited amount of data on which to train for
those rare events such as low wind and high wave height (e.g. Ui =1 m/sand SWH=5m). The
altimeter backscatter can span an uncharacteristicaly large range (from 13 to 28 dB) for the case
of no to light wind with no clear dependence on wave height. The GRNN will differ from the MLP
for light winds because the GRNN optimizes only about a proximity to the respective solution grid
point whilethe MLP attempts to perform aleast square solution over al the presented training vec-
tors. Inany case, one can see that the £} solutions do accord well with the single parameter MCW
near light winds.

The global nature of the spreading factor # in the GRNN solution for £ is the likely determinant
for most of the difference between MLP and GRNN solutionsfor this mapping as seen in Figure 7.
Comparison to the upper panel observationsin that figure suggest that the MLP model provides a
closer reproduction of the average impact of SWH on the altimeter. At almost all wind speeds it
appears that the SWH signal is more dynamic. In particular at high winds, where the sensitivity of
backscatter to wind speed becomes shallowest, itislikely that the globally-defined spreading factor
in the GRNN training was large enough that the dynamics of the SWH signature were somewhat
smoothed out resulting in alower weighting for the sea state impacts.

Further evidence of similarities and differencesis given in figure 10 showing the 2D probability
density function of o° and SWH at a two fixed wind speeds (5 and 10 m/s). Each plot shows the
behavior of the four neural modelsversuswave height. Of course, the MCW altimeter model repre-
sented on thisplot would giveavertical straight line. Itisapparent that /5, modelsare moreefficient
than F onesin reproducing the SWH dependence of o° at constant wind speed, both at {/;, =5 and
at 10 m/s.
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Figure 10: Bidimensional probability density function of o ° and SWH at a constant NSCAT wind speed. Left plot
is5 m/s, right plot is 10 m/s (+/- 1 m/s). Contour plots are given for two values, one twentieth and one fourth of the
maximum of the probability density. Traces show the behavior of the four neural models. See the following figure for
legend.

A final illustration provides each model’s dynamic range for Ku-band backscatter variation given
a corresponding range of wave height (in this case 4.5 m). Thisis provided versus wind speed as
shown in figure 11 where the range of NRCS variation changes as a function of wind speed, as
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Figure 11: Globa TOPEX Ku-band o variation associated with a SWH variation of 3.5 m. The specified range is
changing with wind speed. Resultsare presented for NSCAT wind speed and the 4 neural models.

predicted via the different algorithms, and observed in the bin averaged TOPEX/NSCAT data. As
wind speed increases, we shifted the SWH range towards higher values (centered on mean value).
One observesthat infor case of F; modelsthe predicted o° variationswith SWH are lower (0.4-0.6
dB for a4.5m SWH variation at 5 or 10 m/s) than with /, models (0.9 dB at 5 m/s, 0.6-0.8 dB at 10
m/s). Thisis especially true for wind speeds lower than 5 m/s or higher than 10 m/s. Referring to
figure 6 in section 2 should serve as further clarification. We recall that 0.5 dB variations translate
to about a2 m/s wind speed variation for single parameter algorithms.

Algo | bias | std | rms | %error | Uerror Hserror
>2m/s | trend trend
Fiyzp | 005 | 0.98 | 0.98 4 -0.00 0.23
Figpvy | 017 | 0.94 | 0.95 4 -0.08 0.09
Foyrp 1004101 1.02 5 -0.01 -0.00
Fogryy | 0.08 | 0.95 | 0.95 4 -0.05 0.02

Table 1: Statistical characteristicsof our neural Ku-band altimeter wind speed algorithms, averaged
over the whole wind speed range.

One can note that between 6 and 12 m/s, £y, p 1S Slightly overestimating the SWH impact on o
by less than 0.1 dB but otherwise this model is the closest reproduction of the observations.

Finally, we provide a quantitative comparison between the four solutionsin terms of altimeter wind
speed error with respect to reference NSCAT values. Tables 1 and 2 some statistical characteristics
for these Ku-band algorithms. The U and H, error trends are simply the slope of the linear fit be-
tween these parameters and the computed wind errors. Two tables are provided to give the statistics
computed over the complete wind speed range but al so at specific wind speedsto elucidatethewave
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Algo bias | std | rms | % error Hserror
3-5m/s >2m/s trend
Fiyrp | 020 | 1.04 | 1.05 6 0.52
Figryy | 050 | 099 | 1.11 8 0.51
Foprp | 016 | 096 | 0.97 5 0.19
Fyaryny | 032 | 0.94 | 0.99 5 0.21
7-9m/s
Fiyrp | 0.03 | 095 | 0.95 4 0.30
Figryy | 004 | 0.85 | 0.85 2 0.28
Foprp | -0.01 | 095 | 0.95 4 -0.02
Fyaryny | -0.00 | 091 | 0.91 3 0.07
11-13m/s
Fiyrp | 009 | 1.03 | 1.03 4 0.41
Figryy | -0.14 | 0.98 | 0.99 3 0.43
oyrp | 001 | 118 | 1.18 6 -0.12
Fyaryny | -0.05 | 1.05 | 1.05 4 0.25

Table 2: Statistical characteristics of our neural Ku-band altimeter wind speed algorithms, for 3
wind speed ranges, 3-5, 7-9 and 11-13 m/s.

height dependence. We also notethat all data are not included in the calculations. Those input data
pairs where the GRNN solutions do not exist were omitted.

One can note that all agorithms provide bias values that are generally well below 0.2 m/s. Wind
speed error trends are systematically low, showing that bias is not varying with wind speed. The
standard deviation (std) values for the various routines and wind speeds fall within about 5% of
one another excepting a departureto higher valuesby £, @ 11-13 m/s. The H, error trends, or
lack thereof are best seenin Table 2. Here one observes that F; models were able to fully account
for the systematic o4, variations with H, especially for moderate wind speed range where most
datafal. The F; models still exhibit some slope indicating that some error still resides due to that
parameter. Overall, it is apparent that the GRNN and MLP approaches are giving similar results,
with the GRNNS providing slightly lower rms values.

Succinct summary of the neural network developments finds that the addition of SWH in mapping
between ocean wind speed and Ku-band altimeter backscatter will lead to some modification of
altimeter wind speeds. Distinct differences arise depending on the choice of mappings - i.e. ade-
cision to resolve the correlation between wind and SWH (F7) or between o, and SWH (F3). The
two selected neural techniques provide solutions that are quite similar for the case of both £ and
FQ.

We recall that use of GRNN requires a two dimensional look-up table, that is alarge number of
parameters, while the MLP is a globally-applicable closed form solution using 10 parameters (6
scaling constants and 4 computational parameters). In addition, GRNN functions were not trained
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on the wholeinput space and do not provide an answer for some low population density areas of the
input dataset. Asboth neural methods provide similar results, we decideto focus solely onthe MLP
solutions for operational application and validations. Our MLP solutions F; and F, are described
in annexe A. Evaluation of their effectiveness as altimeter wind speed routines follows.
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4 Validation and model comparisons

Observationsand altimeter model devel opments of the previous sections suggest that atwo parame-
ter algorithmmay lead to improved Ku-band altimeter wind speed estimates. Quantitativeimprove-
ment is assessed here by intercomparison of the proposed non-parametric models of section three
( Finvrnpe, Fonrnp) with previously published atimeter models. Several past studies on altimeter
ocean wind speed models have emphasized the point that the sole standard for algorithm compari-
son should not simply be the global reduction of the root mean sgquare (rms) wind speed error (cf.
Glazman and Greysukh, 1993). A key objectivein this study is to provide an altimeter wind speed
algorithm with the best overall statistical performance when applied to global open-ocean obser-
vations. We consider this objective to be in line with the development of an operational algorithm
(i.e. geophysical model function, GMF) for use in point-to-point wind speed estimates under all
possible combinations of altimeter backscatter and wave height encountered on the open ocean.
We note that, for the case of the two parameter altimeter routine, our criterion of global application
appears to necessarily limit the utility of such awind retrieval for "specia cases’ such as coastal or
fetch-limited studies. Further discussion of this point will be made later on in our summary.

Thelargeamount of datain our training (TOPEX/NSCAT) and numerousvalidation datasetsallows
us to estimate wind error measures with very high confidence levels. This includes the ability to
assess wind speed errors at light, moderate and high wind speeds as well as the identification of
wind speed error trends versus reference wind speed and versus SWH. Evaluation criteriainclude
the minimization of wind speed error bias as well astherms. Dueto operational and climatological
study considerations we also desire a continuous function and one that provides a faithful global
wind speed histogram.

There are many published models to derive atimeter wind speed using solely the Ku-band radar
backscatter. We limit our choice of single-parameter algorithms for intercomparison to the models
of Brown et al. (1981), Witter and Chelton (1991) and Freilich and Challenor (1994). We denote
theseinthefollowingtext asB81, MCW, and FC, respectively. Our contentionisthat these routines
encompass most other variations - B81 represents a buoy-tuned three wind regime function that of -
ten seems to produce lowest global rms whereas MCW and FC represent smoother, statistically-
derived functions that seem very closely related. The MCW routine is used to produce the wind
speeds reported by the TOPEX atimeter on an operational and global basis. As areview, we re-
call that Chelton and Wentz (1986) used Seasat altimeter measurements of radar cross section and
200 km removed Seasat scatterometer (SASS) estimates of wind speed to build an altimeter wind
model function. MCW modified this relation for use with Geosat altimeter by comparing Seasat
and Geosat globally-derived atimeter o° histograms. MCW is provided as a look-up table for 10
and 19.5 m height wind speeds.

We also assess two wind speed models that utilize both the Ku-band ¢° and SWH. Lefevre et al.
(1994) provides a closed-form parametric solution as afunction of the two altimeter measurements
based on comparison of the TOPEX altimeter data to the ARPEGE (M eteo- FRANCE atmospheric
model) wind model data. Glazman and Greysukh (1993) devel oped a classification approach where
wind speed is estimated using one of two distinctly separate single parameter (6° — Uy, ) mod-
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els. Thiswork was based on comparisons between buoy-derived wind and wave data and Geosat
altimeter measurements. For operational use (we term this algorithm GG2) this classification calls
on use of the individual wave height and o° estimates. The classification is rooted in the concept
of pseudo wave age, ¢ (¢ = f(SW H/U?)), where one of their algorithms pertains to "young’ or
fetch-limited wind wave conditions and the other to all other cases (i.e. covering fully-developed
seas as well as mixed sea and swell). Having only two sea state classes, their algorithm will likely
lead to bimodal wind speed distribution for a given o°. To attenuate this effect they used dlightly
overlapping pseudo wave age (or SWH) classes.

We now present model comparisons, first utilizing the TOPEX/NSCAT dataset. Recall that though
these data were used to develop our neural network functions, the MLP training method only re-
quired less than 10% of the data. Thus we can still utilize this data for model assessment. Next, to
assure independent validation and to provide some sense of factors such as intercomparison noise
and sensor calibrations, the algorithms are assessed using the seven additional colocation data sets
described in section two. These tests include using the Geosat and ERS-2 altimeters in place of
TOPEX, and wind speed surface truth from C and Ku-band scatterometers, ECMWF and the NDBC
buoy network.

4.1 TOPEX wind speed estimates ver sus NSCAT

The colocated altimeter and scatterometer data from TOPEX and NSCAT have been discussed in
previous sections. We only recall that we expect thisis our best available data set for assessing the
sea state impact on the altimeter wind speed due to the small scatterometer footprint (25 km cells)
and apparent lack of sea state impact on the scatterometer winds for the chosen outside incidence
angles greater than 40 degrees (see fig. 5). In the following, we systematically restrict our evalu-
ation of wind speed differencesto reference wind speeds falling between 1 and 17 m/s. Thisrange
of validity seems to encompass the range of conditions over which most of the models were devel-
oped. We aso note that, where applicable, TOPEX backscatter values are adjusted down by 0.63
dB for use in Geosat eraroutines (see Callahan et a., 1994).

We define the wind speed difference, U,

UST’T’ — UlOaltimeter - UlOT’efBT’BﬂCB (7)

where the reference is NSCAT in this case and winds arein m/s. Wind error standard deviation is
simply:

[T

std = (< u?, > — < Uy >?)

err

(8)

This factor will be of some value in providing a relative algorithm assessments but is obviously
equivalent to the rms when the bias nears zero.
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Algo | bias| std | rms | % error | Uerror Hserror
>2m/s| trend trend
B81 0.36 | 1.16 | 1.22 9 -0.22 -0.04
MCW | 061|119 | 1.34 12 0.03 0.48
FC 002 | 122|122 7 0.03 0.48
GG2 | 0.04 | 107 | 107 5 -0.06 0.17
Lefevre | 0.28 | 1.44 | 1.47 15 -0.28 0.17
Fiyrp | 004 | 1.05 | 1.05 5 0.00 0.20
Foyrp | 001 | 110 | 110 6 -0.02 -0.06

Table 3: Some characteristics of wind speed error estimate from Ku-band altimeter data using sev-
eral different algorithms. Data come from the col ocated dataset TOPEX-NSCAT, with 96436 sam-
ples. Only samplesfor which all algorithms are defined were used. Altimeter data are from Topex,
and reference wind speed is given by NSCAT. The wind speed rangeis 1to 17 m/s.

Tables 3 and 4 present the U, for the various algorithms mentioned above. Table 3 shows some
statistics for the commonly-cited case where all wind speed valuesareincluded. A first observation
isthegeneral level of about 1.0 - 1.4 for thermserror. Thisisquitelow compared to past published
values of 1.6 to 2.0 associated with buoy or model wind comparisons. Thischangein noiselevel is
most likely the strong decrease in spatial col ocation distance and spatial sample size. Such numbers
arein accord with studies where the spatial separation islimited to 15 or 20 km (e.g. Hwang et a.,
1998). Note that the sample population here is more than 96000, thus parameter noise levels are
negligible.

Next one can see that the overall bias numbersfor all the chosen routinesiswell below 1 m/s with
only the MCW algorithm showing a value above 0.5. We included the trend of the wind speed
error versus wind speed to provide some indication of the bias variability with wind speed. Asone
can see, B81 and Lefevre model bias trends are much higher than for the other routines. The most
commonly reported parameter, global rms, shows values spanning from 1.05to 1.47. Itisclear here
that the Lefevre algorithm has a substantially elevated error. The single parameter models (B81,
MCW and FC) exhibit similar rms and std estimates (1.2) while the three two parameter algorithms
(GGZ, FlMLP,FQMLP) are below 1.10.

Table 3 also providesacolumn representing thewind error versus SWH for consistency with Freilich
and Challenor (1994) but we suggest that this parameter is of limited meaning and a much clearer

picture emerges when viewing that error trend for specific wind speed ranges as in Table 4. We
present estimates at wind speeds of 4, 8 and 12 m/s to provide the sampling near the most pop-

ulated mid- range wind region and for low and high winds where there are still a substantial data
population. Inaddition, we provide Figure 12 showing wind error bias and standard deviation (std),

root mean square wind error (rms) and the linear regression correl ation coefficient (R) for the trend

of error versus SWH. These parameters are presented for all the forementioned algorithms and for

the range of NSCAT reference wind speeds shown.
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Algo bias | std | rms | % error Hserror

>2m/s trend

3-5m/s 15894 samples
B81 120 | 1.02 | 1.57 16 0.72
MCW 0.62 | 1.28 | 143 13 0.91
FC -0.04 | 1.24 | 1.24 9 0.89
GG2 043 | 0.92 | 1.01 6 0.61
Lefevre 152 | 1.08 | 1.87 26 1.05
Fiypp | 009 | 1.07 | 1.07 7 0.50
Foyrp | 015 | 0.99 | 1.00 6 0.17

7-9m/s 22602 samples
B81 0.30 | 0.81 | 0.86 3 0.50
MCW 059 | 114 | 1.28 12 0.78
FC -003 (114|114 7 0.78
GG2 -0.15 | 1.14 | 1.15 7 0.26
Lefevre | -0.12 | 1.07 | 1.08 6 0.99
Fiyp | 004 | 1.00 | 1.00 5 0.26
Foyrp | -0.02 | 1.01 | 1.01 5 -0.05

11-13m/s 8311 samples
B81 -0.84 | 091 | 1.24 6 0.38
MCW | 0.85 | 1.19 | 1.46 14 0.53
FC 0.28 | 1.23 | 1.26 7 0.56
GG2 001 | 112 | 112 5 0.44
Lefevre | -0.88 | 1.20 | 1.49 15 0.93
Fiyrp 0.06 | 1.15 | 1.16 5 0.28
Foyrp | -0.07 | 1.36 | 1.36 10 -0.26

Table 4: Similar to the preceding table with narrower wind speed range. Thisrangeis specified in
the table.

Wefirst discuss thesingle parameter routines. Referringto Table4 and Figure 12 we seethat Brown’s
algorithm appears to have arelatively low rms behavior in the range of 7-9 m/s, whereit produces
the lowest wind error rms. But variation comesfor other wind ranges, where it presents strong bias,
low winds being overestimated and high winds underestimated. The B81 bias variation is respon-
sible for thislarge increase in wind error rms below 7 m/s and above 11 m/s. Furthermore, we find
that B81 presents significantly lower wind error standard deviation than the other single parameter
algorithms. This featureis again related to a strong wind speed dependence in the wind error bias
within the chosen wind bin, varying 0.5 m/s on a2 m/s-wide bin. We see that in table 3 we obtain
a —0.22 m/s wind speed error trend. As soon as bias increases more slowly with wind speed (at
low and high wind), U,;; standard deviation increases towards values obtained from other single
parameter algorithms. These observations seem completely consistent with Freilich and Challenor
(1994) who noted that the chosen three branch form of the Brown model leads directly to these
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Figure 12: Some statistical characteristics of various altimeter wind speed algorithms as function of NSCAT wind
speed : bias, standard deviation, SWH correlation of the wind error and root mean square wind error. The different
algorithms are B81 (black dashed), MCW (thick black), FC (thin black), GG2 (red), Lefevre (red dashed), Fiarrp
(thinblue), Foarrp (thick blue)

characteristics. All indications are that B81 is a poor choice for an atimeter model function.

We find that MCW has homogeneous characteristics (bias,rms,SWH error trend) over the wind
speed range, but a constant bias of about + 0.5 - 0.6 m/s produces systematic increase of error rms.
Such abiasiscompletely consistent with different observations by several authors (Witter and Chel-
ton (1991), Glazman and Greyzukh (1993), Freilich and Challenor (1994)) and is responsible for
the wind error rms of about 1.3 m/s. FC exhibitslower bias aswell as stable bias and rms variation
over the range of wind speeds. Infact, we concludethat FCisnearly equivalentin al parametersto
MCW withitsbiasremoved. For examplethewave height correlationfor MCW and FCin figure 12
areamost identical.

Perhaps the most notable new observation here is the strong evidence of the correlation between
wind error and the atimeter’s estimate of SWH for all the single parameter algorithms. The error
slope ( and linear regression correlation coefficient) is strongest in the range 4-9 m/s with values
of 0.8 — 0.9. The correlation decreases slightly for the lowest and highest wind speeds considered
here and reach a minimum value around 13-15 m/s.
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The two parameter algorithms do appear to offer consistent performance improvement aside from
Lefevre et a. (1994). It is clear that this algorithm is inferior to all routines being assessed here
when one considers al the factors. We thus eliminate it from further discussion. Next, one can
see from the tables and figure that the GG2 routine does lead to wind errors statistics that often
approach the low levels of the neural solutions. But as one can see the bias is somewhat erratic
versus wind speed. Perhaps the most notable characteristic of thismodel is the abrupt lowering of
the wave height error trend for moderate wind speeds of 7-9 m/s. Aside from this region the SWH
impact (error trend, correlation) is nearly identical as for the single parameter algorithms. Thisis
indeed a feature of the classification scheme used in that algorithm combined with the large data
population for wind speeds in this moderate range. In essence, the GG2 leads to a very bimodal
wind histogram due to its discontinuous nature (much as for B81).

As aluded to in section three, the SWH error trend for a given wind speed will, by definition, be
significantly reduced by our neural models relative to routines such as MCW or FC. Table 4 and
Figure 12 clearly indicate that the F;,;1p routine strongly attenuates the SWH error trend (to less
than 0.1 m/s/meter while MCW and FC were generally higher than 0.6 m/s per meter SWH). The
Fiarp model provides a reduction but not removal of this trend. Recall from section three that
these two algorithms carry different weighting of the wave height due to their alternate training.
Both neural solutions provide a very small and stable bias across the complete wind speed range.
The rmsfor the two solutions is nearly identical up to 10 m/sand at that point the F3,,7» beginsto
increase substantially with increasing wind speed. We have found that thisincreaseisrelated to the
strong multi-valuedness that the neural network encounters when attempting to optimize the (U,
SWH)— ¢° mapping over moderate to high wind speeds. The network’s average solution, F3us 1. p,
upon inversion to wind speed, actually leads to a negative correlation with SWH at high winds as
seen in Table 4.

Considering al algorithms and observations related to their bias, functional continuity and mini-
mization of the rms error it appearsthat /7, provides the best overall wind model when evalu-
ated against the TOPEX/NSCAT dataset. The improvement is on the order of 10-15 % in terms of
the global or local reduction in the wind error standard deviation or rms relative to the operational
MCW model function. In an absolute sense, the new routine servesto lower thermsby 0.1-0.2 m/s.
Improvements are negligible for the high wind speeds above 12-14 m/s.

4.2 Model assessments using other wind speed sour ces

We next turn to independent data sets for further validation of the proposed globally-based wind
speed retrieval methods. Description of these data and their sources were provided in section two.
Overall, they encompass reference wind speeds from models, scatterometers and buoys. Each data
Set possesses its own unique colocation properties with respect to intercomparison noise sources.
In some cases these differences will be shown to mask much of what we seein the TOPEX/NSCAT
dataset. Initial algorithm assessments using these data sets indicates that, for the most part, relative
differences between algorithms remained consistent with the TOPEX/NSCAT findings described
above. Therefore we condense the discussion to primarily acomparison and contrast between three
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routines. FC, Fipp and Fyppp. We chose FC here for the reference single parameter routine
because it is essentially the operational MCW routine without the apparent 0.5 m/s overall wind
speed bias.

421 A colocated TOPEX/SeaWinds dataset

Figure 13 shows the comparison between altimeter and scatterometer-derived wind speeds using
the QUIkSCAT (QSCAT) wind speed as the reference. Both the bias and standard deviation are
presented for the FC, Fiyp and Fypypp routines. Recall that this colocation featured data with
time colocation differences of less than 30 minutes. The TOPEX ground swath for the (¢°, SWH)
estimates was 70 km by 2 km and the QSCAT wind vector cell was about 25km?. The total number
of colocated samples for this data set, after filtering, was 87,913.

wind error bias
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Figure 13: Biasand standard deviation of wind error estimates from various altimeter wind speed algorithms, asfunc-
tion of Seawinds scatterometer (left plot) and ERS-2 scatterometer wind speeds (right plot). The different algorithms
are MCW (thick black), FC (thin black), F1 77, (thinred), Fanrr p (thick red).

Figure 13 indicates that there is some bias change with respect our TOPEX/NSCAT comparison.
The MLP solutions are near zero at light winds and then shift to -0.5 to -0.8 for the remaining
speeds. FC shows a sinusoidal variation from -0.5to 0.0. The standard deviation dataindicate that

32



the Fiyp Solution exhibits measureably lower noise levels than for FC. Once again, the F3y1p
rmsvalues match Fi 1 p for light-to-moderatewinds and then become very high at the higher wind
Speeds.

Dataset num. of FC FIMLP FQMLP
samples | bias | std | oy, | bias | std | ay, | bias | std | ap,
Topex-NSCAT 48331 | 0.02 | 1.16 | 049 | 0.05 | 099 | 0.20 | 0.03 | 1.03 | -0.05
Topex-QSCAT 88324 | -048 | 1.18 | 044 | -053 | 097 | 0.15 | -0.65 | 1.04 | -0.13
Ers-NSCAT 129701 | -0.70 | 1.02 | 047 | -0.56 | 0.87 | 0.16 | -0.48 | 0.96 | -0.08
Topex-ERS 55765 | -0.07 | 1.08 | 0.27 | -0.08 | 1.01 | -0.03 | -0.15 | 1.12 | -0.29
Topex-ECMWF1 | 231102 | -0.24 | 1.84 | 0.38 | -0.20 | .77 | 0.14 | -0.22 | 1.86 | -0.11
Topex-ECMWF2 | 208518 | -0.06 | 1.64 | 0.25 | -0.05 | 1.56 | 0.01 | -0.11 | 1.68 | -0.25
Topex-ECMWF3 | 89188 | -0.28 | 1.60 | 0.30 | -0.30 | 1.44 | 0.06 | -0.42 | 1.56 | -0.20
Geosat-NDBC 4532 024 | 151|032| 039 | 152 | -004 | 050 | 1.69 | -0.28

Table 5: Wind error bias and standard deviation for Fiy.p and Fypp compared to FC, from
various datasets described in section 2. The 3 topex-ECMWF estimates come respectively from
the 3 datasets topex-NSCAT, topex-ERS and topex-QSCAT. The whole wind speed range 1-17
m/sis considered. Denoting the wind error ¢, oy, is defined as the slope in the linear regression
e=ay H; + 0.

Tables 5 and 6 provide parameters related to U, Smilar to those given in Tables 3 and 4. Here
the tables summarize the results from the various data sources to be addressed here and below. In
these latter tables the TOPEX/NSCAT comparison numbers are derived using colocation samples
having a time separation of less than 30 minutes. This makes that variable identical between the
TOPEX/NSCAT and TOPEX/QSCAT cases. One can see that for TOPEX/QSCAT the standard
deviation isindeed lower for the neural solutions than for FC in all cases with absolute values that
are consistent with those seeninthe TOPEX/NSCAT comparisons. Herethe+/- thirty minutescolo-
cations between altimeter and Ku-band scatterometer show rms levels from 0.8 to 1.3 depending
on wind speed and agorithm.

The wind error’s wave height dependence and its removal using the neural network modelsisaso
consistent between the data sets. The data of Table 6 show small differencesin oy, that are most
likely due to the bias change between data sets. Otherwise, the basic attenuation (F1,,7.p) OF re-
moval (F2ar.p) Of the wave height impact holds as for TOPEX/NSCAT. Thus this Ku-band scat-
terometer data set affirms our findings.

The main observed difference here then is the 0.5 m/s change in bias. Possible explanations for
this small change likely residein TOPEX absolute calibration drift, absolute calibration difference
between NSCAT and SeaWinds, and/or the change from NSCAT-1 to NSCAT-2 GMF used to derive
the scatterometer wind speeds.
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Dataset FC Fiyrp Fonrp
3-5m/s bias | std | oy, | bias | std | apy, | bias | sd o,
Topex-NSCAT | -0.03 | 1.23 | 092 | 0.10 | 1.05| 052 | 0.16 | 0.96 0.19
Topex-QSCAT | -0.59 | 1.07 | 0.68 | -0.47 | 0.86 | 0.36 | -0.40 | 0.79 -0.01
ErssNSCAT -092 (086|053 |-072|0.76| 029 | -051| 0.70 | -0.10
Topex-ERS 008 | 1.12| 079 | 021 | 094 | 0.38 | 0.25 | 0.87 0.05
Topex-ECMWF1 | -0.01 | 1.85 | 093 | 013 | 1.83 | 059 | 0.20 | 1.81 0.26
Topex-ECMWF2 | 0.05 | 1.63 | 081 | 019 | 1.57 | 044 | 0.25 | 1.53 0.10
Topex-ECMWF3 | -0.19 | 142 | 0.68 | -0.05| 1.33 | 0.33 | 0.02 | 1.28 | -0.02
Geosat-NDBC | 012 | 140 | 046 | 041 | 140 | 004 | 054 | 1.39 | -0.28
7-9m/s
Topex-NSCAT | -0.07 | 1.09 | 0.78 | 0.03 | 0.95| 0.27 | -0.01 | 0.96 | -0.05
Topex-QSCAT | -0.59 | 1.06 | 0.70 | -0.58 | 0.89 | 0.15 | -0.67 | 0.91 -0.14
ErssNSCAT -0.77 | 0.89 | 0.67 | -053 | 0.79 | 0.11 | -0.49 | 0.83 -0.18
Topex-ERS -0.11 | 091 | 054 | -0.09 | 0.84 | -0.03 | -0.17 | 093 | -0.34
Topex-ECMWF1 | -0.34 | 1.72 | 0.94 | -0.27 | 1.68 | 0.47 | -0.30 | 1.73 0.18
Topex-ECMWF2 | -0.04 | 1.52 | 0.76 | -0.01 | 1.47 | 0.25 | -0.07 | 1.53 | -0.06
Topex-ECMWF3 | -0.33 | 1.38 | 0.69 | -0.36 | 1.32 | 0.16 | -0.46 | 1.37 | -0.15
Geosat-NDBC | 007 | 1.25 | 035 | 022 | 1.32 | -0.23 | 0.28 | 1.49 -0.56
11-13 m/s
Topex-NSCAT | 031 | 1.14 | 057 | 0.10 | 1.05| 030 | -0.01 | 1.23 | -0.23
Topex-QSCAT | -0.06 | 1.20 | 0.52 | -0.37 | 1.13 | 0.19 | -0.71 | 1.31 -0.32
ErssNSCAT -029 | 1.10 | 048 | -0.40 | 1.01 | 0.18 | -0.35 | 1.27 -0.36
Topex-ERS -020 | 0.97 | 044 | -043 | 090 | 0.12 | -0.66 | 1.11 -0.40
Topex-ECMWF1 | -0.39 | 1.78 | 0.68 | -0.58 | 1.69 | 0.45 | -0.74 | 1.93 0.01
Topex-ECMWF2 | -0.21 | 1.52 | 051 | -0.47 | 1.50 | 0.20 | -0.69 | 1.76 | -0.29
Topex-ECMWF3 | -0.10 | 1.63 | 053 | -046 | 1.65| 0.21 | -0.82 | 1.90 | -0.27
Geosat-NDBC | 0.83 | 1.57 | 039 | 059 | 1.55| 0.08 | 0.66 | 201 | -0.45

4.2.2 A colocated ERS-2/NSCAT dataset
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Table 6: Wind error bias and standard deviation for Fi5;7.p and Fyp,7,p compared to FC, from var-
ious datasets described in section 2. The 3 topex-ECMWF estimates come respectively from the
3 datasets topex-NSCAT, topex-ERS and topex-QSCAT. Three separate wind speed ranges were
considered, 3-5, 7-9 and 11-13 m/s. Denoting the wind error e, oy, is defined as the slope in the
linear regression ¢ = ay H, + 3.

We use the ERS-2 altimeter colocated with NSCAT scatterometer wind speeds to provide an as-
sessment of the algorithms using acompletely different altimeter. The ERS-2 wind speed estimate
difference from NSCAT are summarized in Tables 5 and 6. Once again one sees a-0.5t0-0.7 bias
for the global wind speed regime for al three algorithms shown. The overall standard deviation
numbers appear to be somewhat lower than for the upper two data sets in the table.




Aswith thedataassessed above, onefindsthat the 15,7, » Solution exhibits standard deviation levels
of the order of 10 % lower than for the FC routine. Table 6 suggests that the relative decrease in
SWH error trend is aso consistent with our documented expectations.

4.2.3 A colocated TOPEX/ERS dataset

The TOPEX/ERS scatterometer data set provides the chance to assess wave height impacts on wind
error when the reference wind speed comes from a C-band scatterometer rather than Ku-band asin
the examplesabove. The ERS scatterometer footprint hereis 50km? and so another differenceisthe
increased spatial size used to derive the wind speeds. The expectation is that this difference will be
most evident for light and high wind cases where 50 km approaches the length scal e of atmospheric
signatures for these regimes.

Figure 13 shows the wind error bias and standard deviation with the ERS wind speed as the refer-
ence. Thebiasfor all threetest algorithmsisnear 0.0 at 7 m/s. The bias magnitude stays below 0.2
for FC and 0.4 for Fi,1p (Seetable 6) but one does see a positive bias at light winds and negative
level for high winds. Thisfeatureis likely somewhat related to the sampling size and asymmetry
in the regression between the two wind parameters (e.g. see section 2 figure 3).

The standard deviation between TOPEX and ERS scatterometer windsis always|owest when using
the Fiyp @gorithm when compared to the single parameter FC. Again we see the Fypp Wind
error noise increases with increasing wind speed.

Perhapsmost notabl e hereisthat the SWH removal isstronger than for Topex-NSCAT : forasimilar
reduction of wind error’s wave height trend (-0.73 to -0.88 for F5,,1.p, See table 6), correlation is
decreased with Topex-ERS (Topex-NSCAT) by 0.57 (0.47) at 3-5 m/s, 0.91 (0.70) at 7-9 m/sand
0.90 (0.73) at 11-13 m/s (these numbers for Topex-ERS are not reported in any table or figure; for
Topex-NSCAT, seefigure12). Figure 14 showsthat, referenced to ERS-2 scatterometer, Topex o7,
seemsto havelower SWH impact than using NSCAT, QSCAT or ECMWF reference (for agiven 3.5
m SWH variation, we get 0.6 dB variation at 8 m/sinstead of 0.8 dB). As sampling and time period
are similar, and no effect of different Topex time average was observed, such a difference might
indicate that C-band ERS wind estimates contain SWH impact. However, the observed 0.2 dB may
not be significant as we see a similar lower variation when using ERS-2 altimeter %, rather than
TOPEX. Thus, we raise this point but claim that within the scope of this study it is not conclusive.

We also notice from table 6 that the Fi,7,p wind error std is much higher than for the other scat-
terometer data sets. This could be explained by the point alluded in the above paragraph. 1t may
also mean that aresidual noise level related to space and time samplingsis reached, as seemsto be
the case for ECMWF wind speeds (see next paragraph).
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Figure 14: Globa Ku-band altimeter o variation associated with a SWH variation of 3.5 m. The specified rangeis
changing with wind speed. Results are presented for 5 different datasets : Topex-NSCAT (thick), Topex-ERS (thick
dashed), Topex-QSCAT (thin), Topex-ECMWF (thin dashed) and Ers-NSCAT (dotted).

424 Colocated TOPEX/ECMWF datasets

Next we are able to compare altimeter-derived winds with interpol ated estimates from the ECMWF
global surface analysis data sets. As mentioned, we have these data for the three separate scat-
terometer colocations. We denote these as Topex-ECMWF(1,2,3) as presented in Tables 5 and 6.
The main feature of these data sets is the large space and time sampling and colocation differences
between the 2 km TOPEX estimate and the one deg. grid model provided every six hours. Thus
we expect a substantial impacts in intercomparison noise and bias, especialy for the light and high
wind speeds. Thisisin fact what we find.

Figure ECMWF presentsthe wind error bias and standard deviation for the threetest a gorithmsand
the three separate data sets. The bias variations with wind speed are not unlike the TOPEX/ERS
results - positive for light winds tending to negative at high winds. The bias for all algorithmsis
below 0.5 at awind of 7 m/s. One can see from Table 5 that the overall bias for our three separate
ECMWEF cases is below 0.3 m/s. Thus we feel that these data show that the algorithm biases are
not too substantial.

Regarding the rms, it is clear from Figure ECMWF that the wind error level has increased up to
levels of 1.5-1.8, an increase of 30 — 45% over the previous data comparisons. Thisvaueis con-
sistent with the increase in intercomparison noise suggested by Dunbar and Freilich (1993) in their
comparison of atimeter winds to model winds.

We note that the noise level of the FC and Fisz.p Solutionsis very nearly identical here. We con-
clude that the improvement seen in the previous examinations is now masked by the intercompar-
iSon noise.

Examination of Table 6 for the ECMWF rows shows that, while rms may not be clearly reduced
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Figure 15: Bias and standard deviation of wind error estimates from various altimeter wind speed agorithms, as
function of ECMWF wind speed. Upper plots come from NSCAT-TOPEX dataset, center plots from ERS-TOPEX,
and bottom plots from QSCAT-TOPEX. The different algorithms are MCW (thick black), FC (thin black), Fiarrp
(thinred), Foprrp (thick red).

using the MLP routines, the relative reduction of wind error dependence on SWH does occur for
these routines. The reduction of thisimpact is consistent with the scatterometer comparisons.

4.25 A colocated Geosat/NDBC buoy dataset

Finally, we also provide altimeter wind results for the Geosat/NDBC dataset previously used by
Glazman and Greysukh (1993) and Freilich and Challenor (1994). The bias for al algorithmsis
below 0.5 m/s. Asfor ECMWF observations in the preceding paragraph, the noise level of the FC
and Fip are very close (1.50 m/s) and any improvement is hidden behind the intercomparison
noise. Thismight also mean that our global neural models are not well-suited to be used regionally
inthe NDBC area. Still, though thereisno measurable rmsimprovement, table 6 doesindicate that
the wind error dependence on SWH isreduced when using both £ ;7 » and F51p. The reduction
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is quite consistent with observations from the other datasets.

4.3 Conclusion

In the preceding section, we have shown that our neural network-derived models are independent
on the dataset used to train it. Thisis afurther assessment of their validity. As discussed in the
past by Freilich and Challenor, Glazman and Greysukh, arequired characteristic of any wind speed
algorithm should be to well reproduce the global wind statistics; we have shown in section 3 (see
figure 8) that our models do have this characteristics, particularly the MLP ones. In addition, we
showed that F7,,;p nicely matches the global reference wind speed, taking into account most of its
characteristics.

Considering that wind estimate error is significantly improved, we suggest to use Fi ;. p as an op-
erational altimeter wind speed retrieval algorithm. Up to 10-12 m/s, it produces a significant im-
provement of wind error rms. For higher wind speeds, it does not produce better estimate than any
single parameter algorithm.

In section 5, wewill describe the C-band measurements simultaneousto the TOPEX Ku-band ones,
expecting some higher sea state correlation.
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5 C-band altimeter models and validation

This section documents functions relating TOPEX C-band altimeter backscatter coefficient, o2, to
near-surface wind speed and significant wave height. The basis for these functions will once again
be the combined TOPEX/NSCAT data set (section 2) and use of neural network techniques.

The basic physical model for radar backscatter at near-vertical incidence is one of quasi- specu-
lar reflection - increase in the overall surface roughness leads to decrease in the radar backscatter.
Chapron et a. (1996) discuss TOPEX C and Ku-band observations and the physical expectation
that a C-band altimeter should be less responsive to surface wind speed changes than a Ku-band
radar because of the differing probing wavelengths (5 cm for C-band versus 2 cm for Ku-band).
The ocean surface slope variance is thought to relate well to the altimeter backscatter and it is well
documented that the largest contributionsto thetotal slope variance come from ocean length scales
below 10 cm. Aninformed Geometric Optics approximation suggests that the altimeter senses re-
flection from wave scales with horizontal extent of three timesthe radiated wavelength - thisis the
so-called filtered surface response. Summation of these details |eads to the notion that C and Ku-
band altimeters should provide nearly identical backscatter response from those waves of length
greater than 15 cm. A Ku-band altimeter’s increased sensitivity to winds must come from its in-
creased sensitivity to the waves shorter than 10-15 cm. Conversely, because the C-band system
likely carriesless wind information in its backscatter it should contain relatively moreinformation
related to long-waveimpacts. Soin thissection dealing strictly with the C-band altimeter responses
one can assume a degraded response in comparison to the wind speed results of section 4 but per-
haps a higher correlation with the altimeter significant wave height estimates.
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Figure 16: Gridding of averaged TOPEX o, versus NSCAT wind speed. Color variation represents corresponding
SWH values.

Figure 16 shows the overal relation of the C-band backscatter to the 10 m surface wind speed of
NSCAT and to the altimeter wave height estimate. These data come from the same colocated data
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set as used in section 3. The time (41 hour) and spatial colocation ( < 12 km) are the same. The
color of pixelswithin the grid once again represent the average val ue of the significant wave height
at that point on the (¢, , Uyo) grid. Referring to Fig 4 one can see strong similarity between C
and Ku-band altimeter responses to both wind speed and to SWH. The C-band signal is on average
about 3 dB above the Ku-band which is partially explained by the frequency- dependent dielec-
tric constants and absol ute calibration error. The C-band backscatter exhibits the same two regime
character as the Ku-band versus wind speed where the signal rises dramatically at the light wind
speeds. One small but fundamental difference between the two frequency responses is the flatness
of 2. with respect to wind changes above 10 m/s.

We provide Figure 17ato directly compare the C and Ku-band observations. This figure shows that
the correlation between wind error and wave height is generally within 5-10 difference increases
greatly above 10-12 m/s. Note the the mention of F3y,;p referesto an algorithm described in the
following section. The second panel on Figure 17 provides an isolation of the behavior for both
backscatter signals (C and Ku-band) for the NSCAT wind speed of 7 m/s. The caption indicatesthe
higher correlation with wave height for C-band.

0.8 T T T 171 120

0.71 1 16

0.6f

0.5r

0.4r

0.3r

° (de)

Topexc

© = o
NSCAT wind speed (m/s)

(2}

0.2

0.1t

0

0 5 10 15 20 0 2 4 6 8
Wind speed (m/s) significant wave height (m)

Figure 17: Left panel : correlation of the wind speed error Uy — Unsear (thin) and Uy rs — Ungear (thick) dis-
tribution with SWH. Full linesare for constant U, 5.4+, dashed lines are for constant ¢, (¢ )[i.e. constant equivalent
Umew (Uaiers]. Right panel : o2 asfunction of SWH for Uy, 5.t = 7 & 0.5m/s (black dots) with linear regression
correlation coefficient —0.56; Uy, scq¢ as function of SWH for ¢¢, = 15 £ 0.15d B (red dots) with correlation —0.36.

5.1 Model developments

Previous authors (e.g. Chapron et al., 1996; Quartly et al., 1997; Elfouhaily et al., 1998) have dis-
cussed the response of C-band backscatter to wind speed viadirect comparison or intandemwiththe
Ku-band backscatter of TOPEX. We devel op stand-alone C-band model functionsin this section to
document and validate the TOPEX C-band system using compl etely independent wind speed infor-
mation. We choose to develop these functions using the non-parametric neural network solutions
to encompass the dynamics of the nonlinear relationships shown in figure 16. For completeness,
wewill provide single parameter (anal agousto the operational Ku-band MCW algorithm) and dual
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parameter solutions - as developed in section three for the Ku-band system.

5.1.1 C-band backscatter versuswind speed

We define the single parameter mapping between o7, and NSCAT wind speed as :
Uio = F3(0() ©)

and generate the MLP neural network solution over this two dimensional data space in the same
manner and for the same TOPEX/NSCAT dataasdescribed insections2 and 3. Theonly differences
being that here we are dealing with ¢2. and are not including the third (wave height) parameter.

Figure 18 shows the resulting relationship. In this case the mapping is quite continuous and could
likely bewell-approximated over most of wind speed range using apolynomial. Our neural network

solution is defined in annexe B.
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Figure 18: Scatter plot of TOPEX C-band o° as function of wind speed. Only 10 % of the dataset were represented.
Thick line corresponds to our F's model.

Table 7 providesthe resulting validationinformation in terms of the C-band wind speed error where
the C-band wind speed, U, ., is derived directly from F5 :

UeM’FS - UaltC - UIO (10)

As shown in table 7, U, has been compared with several different wind products, a subset of
those discussed in validating the Ku-band wind speedsin section four. We find an overall low bias,
tending to slightly decrease with wind speed. F3j,7p’S standard deviation is about 8% higher than
the Ku-band FC agorithm.

For each wind speed regime - 4, 8 and 12 mi/s, o;. is greater than o, Thisindicates the C-band

nadir backscatter contains more SWH information than Ku-band. This effect increases with in-
creasing wind speed. This SWH impact pertubates a single parameter wind speed retrieval, and
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Topex-NSCAT Topex-ERS Topex-ECMWF
1-17m/s | bias | std | «p, | bias | std | ap, | bias | std ap,
FC 0.02 | 116 | 049 | -0.07 | 1.08 | 0.27 | -0.20 | 1.82 0.35
Fs 001 | 1.25| 048 | 0.12 | 1.27 | 0.27 | -0.19 | 1.81 0.42
" 0.05 | 099 | 0.20 | -0.08 | 1.01 | -0.03 | -0.14 | 1.73 0.14
Fy 003 | 1.03 | -005|-015| 112 |-029 | -0.16 | 1.81 | -0.10
Fy 003 | 112 031 | 012 | 1.19 | 011 | -0.a7 | .77 0.24
Fs 004 | 117 | -003 | 0.10 | 1.30 | -0.22 | -0.15| 190 | -0.09
3-5m/s
FC -003|123| 092 | 008 | 1.12 | 0.79 | 0.00 | 1.82 0.97
Fs 017 | 136 | 099 | 042 | 1.28 | 0.89 | 0.04 | 2.05 1.06
" 010 | 1.05| 052 | 0.21 | 0.94 | 0.38 | 0.16 | 1.82 0.62
Fy 0.16 | 096 | 019 | 0.25 | 0.87 | 0.05 | 0.24 | 1.79 0.30
Fy 017 {121 | 061 | 042 | 1.13| 051 | 0.11 | 1.89 0.69
Fs 025 | 118 | 0.16 | 050 | 1.07 | 0.04 | 0.17 | 2.01 0.29
7-9m/s
FC -0.07 | 1.09| 0.78 | -0.11 | 091 | 0.54 | -0.32 | 1.69 0.96
Fs 000 | 112 | 083 | 0.21 | 1.05| 0.62 | -0.23 | 1.63 0.99
" 0.03 | 095 | 0.27 | -0.09 | 0.84 | -0.03 | -0.24 | 1.63 0.49
Fy -0.01 | 0.96 | -0.05 | -0.17 | 0.93 | -0.34 | -0.27 | 1.68 0.20
Fy -002 | 1.04| 052 | 016 | 1.01 | 0.28 | -0.25 | 1.64 0.70
Fs 0.07 | 1.07 | -003 | 0.21 | 1.14 | -0.31 | -0.16 | 1.73 0.19
11-13m/s

FC 031 | 114 | 057 | -0.20 | 0.97 | 044 | -0.31 | 1.79 0.47
Fs -002 | 120 | 073 | -0.31 | 1.12 | 0.65 | -0.47 | 1.63 0.89
" 0.10 | 1.05| 0.30 | -043 | 090 | 0.12 | -0.46 | 1.66 0.45
Fy -001 | 1.23 | -0.23 | -0.66 | 1.11 | -0.40 | -0.64 | 1.90 0.01
Fy 0.06 | 1.18 | 045 | -0.28 | 1.06 | 0.35 | -0.47 | 1.71 0.63
Fs -0.07 | 1.29 | -0.15 | -047 | 1.20 | -0.27 | -0.66 | 1.88 0.09

Table 7: Wind error bias and standard deviation for the five neural agorithms compared to FC,
from three datasets described in section 2, topex-NSCAT, topex-ERS and topex-ECMWF. Upper
part concerns the whole 1-17 m/s wind speed range; the following focuses on three separate wind
speed ranges, 3-5, 7-9 and 11-13 m/s. Denoting the wind error ¢, oy, is defined as the slopein the
linear regression ¢ = ay H, + 3.

thus, it is not surprising to see that F3 has higher wind error noise than FC. Standard deviation dif-
ferenceisrelatively low at 7-9 m/s, and higher at 3-5 and 11-13 m/s. Overall, the C-band system
appearstorerievewind speed almost aswell as Ku-band, but its higher SWH impact (higher trends)
isresponsible for the slightly higher global error.

As for Ku-band, the TOPEX-ERS dataset indicates a tendency for positive (negative) bias at low

42



(high) winds, and minimal bias at 8 m/s. For most wind speeds, the rmsis slighly lower by 5 —
10% when compared to TOPEX-NSCAT data. The exception being for wind speeds above 13 m/s.
TOPEX-ECMWEF data show similar bias evolution with wind speed, and the standard deviation
is systematically higher by 0.5 m/s than for TOPEX-NSCAT (or TOPEX/ERS) because of the in-
creased intercomparison noise.

5.1.2 Two modelsfor C-band backscatter versuswind speed and wave height

Here two MLP neural network solutions are developed in precisely the same manner asfor o, in
section three where the neural is developed to map two known inputs to one known output. Asin
that section, we define two functions, swapping the place of wind speed and altimeter backscatter
between input and output in the neural training:

U10 = F4(0'8«,SWH) (11)
0'8« = F5(U10,SWH) (12)

The difference between these two solutions remains the same as discussed in section three. Physi-
cally, we expect to find a measurably higher correlation between SWH and +2 than between SWH
and Uy, and as observed figure 17a. Thus the function leading to the best characterization of the
average wave height response as seen in figure 16 should be F;. To get some quantitative idea
we compute the correlation coefficient between these parameters in a binned region for a moder-
ate wind speed, 7 + 0.5m/s for wind speed and 15 + 0.15dB for C-band backscatter. Data are
shown in figure 17b. The linear regression correlation coefficient Rp4(SW H, c%) = —0.56 and
Rps(SWH,Uy) = —0.36.
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Figure 19: Average behaviour of the Fy and F5 neural models for different SWH classes : 1m (circles), 3m (pluses)
and 5m (sguares). F3 model is represented for comparison (thick line). The third panel provides averaging of the ob-
served data as for figure 16

Figure 19 shows the overall characteristics of the two neural network solutions F; and F5 along
with the actual averaged backscatter observations at these wave heights. Our solutions F; and F5
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are described in annexe B. The similarities to the Ku-band solutions (£} and F3) of section three
are obvious. To obtain a wind speed estimate using £5, the model should be run on aregular grid
and then inverted.

Table 7 providesthe resulting validationinformation in terms of the C-band wind speed error where
the C-band wind speeds, U,;;r4 and U, 5, are derived directly from £ and frominversion of F :

UeM’F4 — UaltF4 - UIO (13)
UeM’FE) — UaltFE) - UIO (14)
wind error bias HS correlation
2 1

e \/

— Fawe
-157| — Fauip
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Figure 20: wind error bias, standard deviation, rms and H, correlation for the C-band neural agorithms Fsyrr.p,
Faprpp and Fyprpp. Datafrom the topex-NSCAT dataset were used.

As shown, U,;;r4 5 are compared with several different wind products, a subset of those discussed
in validating the Ku-band wind speeds in section four. We find biases of same order asfor FC, 3
and Ku-band F; and F, comparison algorithms.

One observes a similar differentiation between F; and F; as for the Ku-band £ and F3 in that
the former *forward mapping’ routines attenuate, rather than remove, the wave height dependence.
Thisisillustrated in Figure 21 showing backscatter variation for both frequency band algorithms
and observations versus the NSCAT wind speed. The main observation here is the the variation



permitted under the F; is much lower. Also, note the amplitude of SWH impact on ° measured in
decibelsis nearly identical between C-band and Ku-band for any wind speed.
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Figure 21: Globa TOPEX o° variation associated with a SWH variations of 3.5 m in extent. This SWH range of
variation changes with wind speed. Black full (dashed) line concerns observed C-band (Ku-band) variation versus
NSCAT wind speed. Blue lines represent C-band variation as function of Fausrp (thick) and Fiarzp (thin).

Referring to the figuresand Table 7 it is apparent that oy, is systematically reduced by integration
of SWH information, but ; appearsto be less efficient than the Ku-band equivalent, F7, especially
at 8 and 12 m/s. Thisshould berelated to the higher (o°,SWH) correlation for C-band at thosewind
Speeds (see figure 17a) that raises £, noise level above F}.

At 4 and 8 m/s, F; is able to remove SWH impact as well as for the Ku-band ;. Again, this can
be anticipated from the observations in figure 17awhere (U,,,SWH) correlations at a given o¢, or
oy, differ only above 11 m/s. Thus, above 11 m/s, itis not surprising that 75 is less efficient than
.

Finally figure 20 presents wind error bias, std, rms and SWH correlation for our 3 C-band (F3, £
and F5) models, and FC for comparison. The three algorithms have very low bias (< 0.25 m/s for
any wind speed) and quite low rms values. F3 reproduces FC characteristics well, indicating only
dightly higher error. ¥, and F; provide sight error improvement in comparison to FC by about 5%
up to 10 m/s.

5.2 Conclusion

Wind estimates using the TOPEX C-band altimeter o° indicate an ability to nearly match the Ku-
band sensor’s accuracy for wind speeds below 10 m/s, but the rmsismeasurably worse than for Ku-
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band at higher winds. Thiswould suggest a saturation effect in the C-band backscatter with respect
to the short wind waves. Inclusion of sea state impacts via the altimeter’s SWH parameter reduces
C-band wind error by 5 — 10%. C-band and Ku-band ¢ have similar signatures for SWH impacts
for wind speeds up to 8-10 m/s. Above thiswind level C-band correlation with SWH substantially
exceeds that for the Ku-band. We expect that the differences seen here will become amplified for
the ENVISAT altimeter where a Ku and S-band combination will be employed.
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6 Recommended operational algorithm

This section is devoted to presentation of a recommended neural network solution F£i,,7,p for use
in operational Ku-band altimeter wind speed retrieval. This proposed geophysical model function
(GMF) directly computes a 10 m wind speed from altimeter measurements of ¢° and SWH. This
GMF, developed using TOPEX, is a smoothly varying function of «° and SWH as shown in Fig-
ure 22. It is apparent that overall functional form between backscatter and wind speed resembles
the present operational MCW agorithm. The new routine’s inclusion of wave height is depicted
for three different wave heightsin the figure giving the general sense of the 0.5 dB (or £+ 1.5 m/s)
deviations from MCW that will now occur to attenuate sea state errors. We note that form of the
algorithmis such that it should be easily adjusted for Ku-band o absolute calibration adjustments.
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Figure 22: Right panel represents the averaged data used for Figrvy (Fagry ) training. Left panel : average
behavior of the F, 37 p neural model for three selected SWH classes: 1m (circles), 3m (pluses) and 5m (squares). Right
panel represents the averaged data using NSCAT reference wind speed. MCW modél is represented for comparison
(thick line) on both panels.

Fiap isdefined in Annexe A.

Figure 23 shows that Fi,,,» model function has a smooth histogram. This is a required charac-
teristic of an operational algorithm, especially for use in climatological studies as mentioned by
Glazman and Greysukh (1993) and Freilich and Challenor (1994).

The objective of thisstudy wasto removeor attenuate the systematic trend observed between o° and
SWH at any given wind speed. Figure24 illustratesthelevel of successachieved using F15;.p. We
present the average altimeter estimate agai nst thereference NSCAT wind speed about threedifferent
SWH values: 1, 3and 5 m. The SWH range was set to 0.5 m/s.

Finally, figure 25 presentstheimprovement over theM CW routineobtained using this #7 ;7.» model
function in terms of bias, standard deviation, rms and SWH correlation reduction. These parame-
ters computed over sampleswithin the TOPEX/NSCAT colocation data set. Quantitative measures
were also given in sections three and four. We find that the F1,7» Solution has low and invariant
overall bias and always reduces the rms (and standard deviation) aside from winds higher than 13
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Figure 23: Histograms of three wind speed estimates from scatterometer (black line), altimeter Modified Chelton
and Wentz (1991) (red dashed) and F 371 p (red full). Left plot corresponds to topex-NSCAT colocated dataset, right
plot to topex-QSCAT dataset.
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Figure 24: Average relations between U, versus NSCAT Uy, for different SWH classes : 1m (dashed line), 3m
(dotted line), 5m (solid line). SWH range is +0.5 m/s around the indicated value. U,; is computed from Modified
Chelton and Wentz (1991) (left plot) and 71 arz p (right plot).

m/s. The general level of rms reduction from this figure and section four is on the order of 10-15
%.

This routine was devel oped for wind speeds ranging from 1 - 20 m/s and this should be considered
itsrange of validity. Asalready noted, the function was devel oped using TOPEX over the NSCAT
operational period of 1996-1997 and using the NSCAT-1 model function. Questions of calibration
offsets for the algorithm should thus be referred to this time period and scatterometer GMF. Some
issues related to specific (e.g. fetch-limited) applicationsof thisgeneralized model will be discussed
in our closing discussion section.
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Figure 25: Bias, standard deviation, SWH correlation of thewind error and root mean square wind error from Mod-
ified Chelton and Wentz (1991) (dashed line) and F1 371 p (full ling) wind speed agorithms. Data used for these plots
come from our Topex-NSCAT dataset with atimelag of £30 minutes and a maximum distance between ground tracks
of 15 kms.
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7 Discussion

This report documents the global relationship between near-surface wind speed and TOPEX al-
timeter measurements of radar backscatter and significant wave height. Models at C and Ku-band
have been detailed. The emphasis here has been on global and empirical solutions because the
large TOPEX/NSCAT crossover data set permits such an operationally-directed objective. More
physically-based eval uation of these data as they relateto air-seainteraction studies are in progress
and will bereported elsewhere. In addition, we envision that a multi-year and very large TOPEX/-
JA SON/SeaWinds crossover dataset will permit further refinement of themodel functionsprovided
here. This data set should provide more stable representation of sparsely populated backscatter,
SWH pairings (e.g. the short-fetch coastal case where high wind combined with low wave height)
within our present dataset. 1t will also lead to better accounting for remaining seasonal and regional
systematic biases as discussed below.

One fundamental conclusion is that the addition of SWH into the altimeter wind inversion does
provide slight but measurable improvement in GMF accuracy. A second conclusion is that these
globally-devel oped two parameter altimeter model functions can not correctly compensate for the
long-wave impact on the point-to-point altimeter wind estimates. In fact, the more physically-rele-
vant models developed here for radar backscatter (Ku-band F5y,» and C-band Fiy,rp) lead to
worse performance in wind inversion even though their removal of the average sea state impact
was almost complete.

Two basic issues seem to encompass the limitations to use of SWH in routine altimeter wind error
corrections. First, any given couplet of radar backscatter and SWH can map to numerous possi-
ble surface wind speeds. This ambiguity or multi-valued property is a simple reflection of the fact
that SWH is apoor surrogate for variability in long wave conditions (and the impact of those long
waves on short waves). Such ambiguity defies development of more accurate point-to-point wind
corrections in the absence of more ancillary information.

The second, and perhapsrelated, issue isour observation that thereis an apparent regional signature
to the altimeter wind speed error immediately evident in comparison between tropical and high-
latitude observations. This|latter problem points out one limitation of asingle global altimeter wind
algorithm and suggests that some regional characterization of error needs to be anticipated. We end
the report with brief overview of thisissue.

Regional error in scatterometer and altimeter wind speed It is well known that the South-
ern Ocean has a unique wind and wave climatol ogy associated with the geography of the Southern
hemisphere. High latitude winds and waves are in general much more energetic and variable than
for the mid-latitudes and tropics. This ocean surface wave variability appears to translate to sys-
tematic regional biasesin altimeter wind speed measurements even after accounting for the average
SWH impact through the neural methods developed in this report. The following discussion points
out that this may be the case for the C-band scatterometer as well as the Ku-band altimeter.

Werecall the variouswind products carried in the three datasets TOPEX-NSCAT, TOPEX-QSCAT

50



OUscat | OUecemuwys | OUats | 6Uscat = OUcermuwy | 0Uqts — 0Usscas
Topex-NSCAT | 2.0 25 | 36 -05 (-0.6) 16(0.9)
Topex-QSCAT | 2.6 36 | 38 1.0 (-0.6) 12(05)
Topex-ERS | 38 30 | 39 08(0.6) 0.1(-00)
ErsNSCAT | 22 : 32 i 10(04)

Table8: Regional variations of scatterometer, ECMWF and altimeter wind speed estimates. A very
crude criterion for regionality was used, that is |¢| < 30° (areal) or |¢| > 45° (area2). First three
columns give the observed shift in the histogram of each estimate moving from A1 to A2. Column
4 reports the difference of shift between scatterometer and ECMWEF (column 1-2). Column 5 re-
portsthe differenceof shift between altimeter and scatterometer (column 3-1). Valuesin parenthesis
correspond to SWH restricted to therange 2.5 4 0.5 m/s.

and TOPEX-ERSdescribed in section 2. All have scatterometer, altimeter and ECMWF wind speed
estimates. The ERS-NSCAT data are also included for completeness. For this demonstration the
globe is simply divided into two regions with a latitude criterion (|¢| < 307, |¢| > 45°). Table 8
provides computation of the measured shift towards higher wind speed in the respective wind speed
histograms when comparing the low latitude to high latitude area. This shift was computed as the
highest coherence lag between two histograms, and does not take into account any histogram shape
modification.

The first three columns of Table 8 give the observed shift in the scatterometer, ECMWF and al-
timeter winds, respectively. One sees fairly consistent results between the different datasets but
some clear differences between the varying data source types. Ku-band scatterometers indicate a
2 m/s shift toward higher wind speeds. The Ku-band altimeters and C-band scatterometer (ERS of
TOPEX-ERS) show a stronger modification of about 3.5 m/s. The ECMWEF shift has an interme-
diate value of 2.5-3 m/s.

The fourth column represents the difference between the scatterometer wind shift and the ECMWF
wind shift; essentially the difference between first and second columns. We observe that Ku-band
NSCAT and Seawinds scatterometers indi cate a negative shift with respect to ECMWF in compari-
sonto the 0.8 m/spositivebias of the C-band ERS scatterometer. To confirm that such scatterometer
observations are not caused by a shift in the average SWH, we a so provide the values obtained by
averaging dataonly fot he case of SWH withintherange2.5 4 0.5 m/s. Thisfiltering should insure
that any sea state modification is then mainly related to slope/period modifications rather than the
overall energy. The value of 2.5 m was chosen in order to obtain a significant amount of data for
both areas. Table 8 suggests thisfiltering does not appear to be too necessary asthe table variations
are analogous to those obtained from average over all SWH values.

Regarding the scatterometers then, it appears that C-band and Ku-band scatterometers may be im-
pacted differently depending on the wind/wave climate. The C-band instrument seems to over-
estimate wind speeds in comparison to Ku-band estimates. It is worth noting that this possible
biasis likely to be propagated to ECMWF winds because of the routine assimilation of ERS data
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into the ECMWF meteorological model. Neither NSCAT nor QSCAT wind vectors have been as-
similated in ECMWEF. More work is then certainly suggested to sort out wave climate impacts on
scatterometer-retrieved wind speed, but undoubtedly, C-band and Ku-band satellite measurements
have a different sensitivity to wind/wave generated surface roughness.

We next address the Ku-band altimeter and its variation. We rely on the preliminary results above
and our observations of section 4 where it appears that the C-band scatterometer has higher corre-
lation with sea state impacts to lead us to assume that Ku-band scatterometer seem to be much less
impacted by changesinwave climate. We note that all scatterometer data discussed hereisfor inci-
dence angles greater than 40 degree. We now compare the observed wind histogram shifts between
altimeter- and scatterometer- retrieved wind speeds (last column of table 8). As above, we provide
(in parenthesis) the computation made when restricting SWH to the range of 2.5 + 0.5 m/s.

The Ku-band atimeter appearsto systematically overestimate wind speeds by about 0.5 — 1.5 m/s
(inthe high latitude area) when compared to Ku-band scatterometer estimates. Thereis essentially
no shift between the altimeter and C-band ERS scatterometer estimates. Since such resultsare con-
firmed for fixed SWH values, this implies that SWH is not a perfect surrogate to describe the sea
state. Physically, it can be postulated that, for a given SWH, the long waves are generally steeper
in the Southern ocean than in the tropics where more gentle weak slope swell conditions dominate.
Accordingly, altimeter backscatter levels will differ by region for identical wind speed and SWH
- resulting in the observed systematic regional shift. One good regional example for this antici-
pated observation is given by Hwang et al. (1998). That study found that a site-specific altimeter
wind speed agorithm for the Gulf of Mexico (closed basin) gave improved wind accuracy there
in comparison to the open-ocean operational MCW routine. Their best algorithm made use of the
significant slope parameter (not SWH) as derived from wave buoys.

Our preliminary conclusion regarding regional TOPEX wind biases is that a globally-applied al-
timeter wind speed algorithm will lead to systematic bias at levels of 0.5-1.5 m/s. The bias will
be positive for the high latitudes and negative near the tropics. An altimeter GMF including SWH
does not appear to remedy this problem.
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A Computing the Ku-band MLP solutions

A.1 Ku-band F;j algorithm

_ 1
U= 14e— (W2 X+B3)

where

o W2=( 05401201 104048140 ), B2 = —2.2838729

o X = L

14e—(Wi1*P+B1)
where

. W= ( —33.9506170 —11.0339400 ) Bl - ( 18.0637810 )

—3.9342847  —0.0583444 —0.3722814

o P — MKy X O-%'u + b[x"u
—\ mswn X Swh 4 bgyp

where

o, = Ku-band radar backscatter (dB)

Swh = significant wave height (meters)

M, = 0.0690915, b, = —0.3433598

Mmgwn = 0.0637450, bg,n, = 0.0872510

To rescale U back into meters/sec :
Wind = 7[]7;6191';”

where

Moind = 0.0284394, b, = 0.1000000
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A.2 Ku-band F; algorithm

o W2 = ( 1.1828134 —3.3009623 ),BQ = 1.1390633

_ 1
o X = 14e—(Wi1*P+B1)

where

. W= ( —43.3954100 —6.9255032 ) Bl - ( 7.8345911 )

2.7861243 1.2229266 —1.4648877

o P — Mayind X UIO + bwind
—\ mswn X Swh + bgyp

where

U1o = wind speed at 10 m height (m/s)

Swh = significant wave height (meters)

Moind = 0.0284394, b, = 0.1000000

Mmgwn = 0.0637450, bg,n, = 0.0872510

Torescae o° back into dB :

e} O'O—b,r'
ol = Ku
MK

where

mic, = 0.0690915, b, = —0.3433598

This should then be run on a high resolution (U14,Swh) grid and computation of the wind estimate
IS obtained through inversion of thisgrid.



B Computingthe C-band MLP solutions

B.1 C-band F; algorithm

_ 1
U= 14e— (W2 X+B3)

where

o W2= (81711413 1.1434195 ), B2 = —5.2023982

_ 1
o X = 14e—(Wi1*P+B1)

where

. W= ( —92.6574267 ) Bl - ( 1.4835598 )

13.2138030 —9.9643148

® P:(mc ><0'8«—|-60)
where

e 07 = C-band radar backscatter (dB)

o mc = 0.1165226,bc = —1.1973326

To rescale U back into meters/sec :
Wind = 7[]7;51{”';”

where

Moind = 0.0284394, b, = 0.1000000
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B.2 C-band F, algorithm

_ 1
U= 14e— (W2 X+B3)

where

o W2=( —1.0820622 54657769 ), B2 = —2.4234658

o X = 1_|_6—(W11*P+Bl)
where
—11.8509120 1.6738914 7.8895575
¢ Wl= ( —4.8002029 —0.5681795 ) Bl = ( 2.4730893 )

B mCXO'g—I-bC
* P_(mSthSU)h‘I’wah)

where

o¢. = C-band radar backscatter (dB)

Swh = significant wave height (meters)

me = 0.1165226, b = —1.1973326

Mmgwn = 0.0642570, bg,, = 0.0807229

To rescale U back into meters/sec :
Wind = 7[]7;6191';”

where

Moind = 0.0284394, b, = 0.1000000
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B.3 C-band F; algorithm

where

. W= ( 29.3268750 8.3472182 ) B

—6.3090396
0.8428848  0.4509337

—0.1066253

o P — Mayind X UIO + bwind
—\ mswn X Swh + bgyp

where

U1o = wind speed at 10 m height (m/s)

Swh = significant wave height (meters)

Moind = 0.0284394, b, = 0.1000000

Mmgwn = 0.0642570, bg,, = 0.0807229

Torescae o° back into dB :

o0 O'O—b
0% = 7—"C
mc

where

me = 0.1086088, b = —1.1092217

This should then be run on a high resolution (U14,Swh) grid and computation of the wind estimate
IS obtained through inversion of thisgrid.
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